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1 Introduction 
1.1 Motivation 
The European Landscape Convention defines landscape “as a zone or 
area as perceived by local people or visitors” (ELC art. 1, para. 38), yet, 
landscape and urban planners continue to struggle with this concept. 
There has been a long debate on how to best assess the public’s percep-
tion of the environment. It appears as if there are two opposing factions. 
The research faction continually stresses importance of incorporating non-
expert opinions and views, best obtained from a preferably large base of 
the general public. In contrast, the faction that is employed with landscape 
perception assessment in practice relies almost entirely on expert evalua-
tion. If incorporated at all, surveys or questionnaires feature relatively small 
numbers of participants. The motivation for this work is the belief that this 
is not a situation by intent, but one that results from missed opportunity. 
Many planning decisions benefit if the process of collecting and finding 
the common ground between people’s perceptions – that is, their opin-
ions, views and values – could be facilitated. 
 
Perception is the process of understanding the environment through 
visual, olfactory and acoustic information. The human brain is continually 
predicting, simplifying, associating and comparing what the various 
senses transmit, taking into account, not only the actual physical world, 
but also personal preferences, emotions and memories. The result is a 
simplified, abstracted mental picture of the exterior world, unique to every 
person. Interestingly, mental pictures of people resemble those from peo-
ple of similar social and cultural heritage. Through social and cultural simi-
larities, people share a common way for perceiving their surrounding envi-
ronment. This is why groups or subgroups of people share a more or less 
distinct characteristic perception of the landscape. The collective image of 
all persons who actually perceive a certain part of the landscape (local peo-
ple or visitors) is what the ELC seeks to substantiate in theory and practice. 
Despite the fact that significant advances have been made in studying the 
perceptual and cognitive abilities of individuals, only limited knowledge is 
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available on this "generalized mental picture" (Lynch, 1960, p. 4) formed by 
many people. 
 
Crowdsourced data offers to fill this important gap. Compared to tra-
ditional data sources, such as census data made available by governments, 
crowdsourced geodata provides an otherwise unavailable perspective on 
the complex connections between space, identity and personal percep-
tion. The spatial traces of people's decisions, embedded in crowdsourced 
geodata, can be used to study perception and cognition of the crowd itself. 
The crowd in this case could mean large numbers of Internet users. This 
opens up new possibilities for planners to understand how people interact 
with the real environment and perceive their surroundings. Furthermore, 
incorporating the views of many becomes increasingly more relevant in all 
disciplines of natural resource management (Lynam, De Jong, Sheil, Kusu-
manto, & Evans, 2007; Brody, 2004). The demand for public participation 
is growing, and numbers of stakeholders are constantly rising. Accessing 
this knowledge is an alternative way to traditional survey research used to 
"measure attributes such as opinions, attitudes, beliefs, values, norms, 
and preferences" (Brown, 2005, p.1). Crowdsourced spatial data, contain-
ing measurable sociocultural values, may help particularly with the difficult 
task of weighting contrary views and conflicting interests and, by supple-
menting single expert views, promises "results that are seen to be more 
legitimate or fairer" (Erickson, 2011, p.1). 
 
Many methods already exist to explore important aspects of land-
scapes using this data source such as the evaluation of attractive areas, 
places of interest, landmarks, or user travel preferences. However, in land-
scape and urban planning, assessing perceived qualities encompasses a 
diverse field of tasks. This work seeks to provide planners with the neces-
sary knowledge to personally explore, visualize and interpret this data. For 
this reason, an advanced discussion of the theoretical basis is initially in-
cluded. The complete process of data retrieval, processing and analysis is 
subsequently outlined with the example of crowdsourced photo geodata 
from Flickr. The development of several novel visualizations is briefly 
demonstrated, which highlights specific perceptual patterns. Finally, the 
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evaluation of quality and accuracy of results is addressed. However, such 
assessment is understood as an open process of data validation, highly 
dependent on the particular problem context and data sources. There ex-
ists different degrees of suitability for specific purposes, and this work in-
cludes several examples of applications. A final example demonstrates a 
specific implementation of techniques into practice. Given that there is no 
easy way to evaluate the open-ended opportunities being illustrated in this 
work, all examples are limited to areas where results can be backed up by 
additional data such as the planner’s personal on-site evaluation, authori-
tative data, or traditional methods. 
1.2 Literature review and conceptual scope 
Urban planner Kevin Lynch was among the first to study, on a concep-
tual basis, how individuals perceive and navigate through the rural and ur-
ban landscape. In his influential book "The Image of the City" (Lynch, 1960), 
he spanned the theoretical discussion from cognition to visual processing, 
mental maps and pattern recognition. At the same time, the anthropologist 
John Collier (1967) first used photography as a tool for studying human 
perception. In the context of photography, Susan Sontag (1977) identified 
numerous relationships between the subject (physical space) and the pho-
tographer's identity and subjective perception of the environment. In the 
1980s, photography-based methods gained popularity in landscape per-
ception analysis to compensate for the inadequate levels of precision, re-
liability and validity of expert landscape assessments (Daniel, 2001). Either 
handing out cameras to participants (participant or self-directed photog-
raphy, Dakin, 2003; Markwell, 2000) or obtaining responses to a set of 
photos (Kaplan, 1985; Shafer & Richards, 1974) became generally ac-
cepted techniques for assessing how the landscape is perceived. How-
ever, the application of self-directed photography was restricted due to its 
costs (acquiring participants, providing cameras); and the acquisition of ob-
server ratings from photographs has been criticized by environmental-be-
havior researchers and psychologists as to their limited suitability for eval-
uating contextual behavior, interaction and landscape meaning (Scott & 
Canter, 1997; Zube, Sell, & Taylor, 1982). In practice, landscape perception 
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analysis remained largely based on conventional expert assessments 
(Daniel, 2001; Palmer & Hoffmann, 2001). 
 
More recently, environmental psychologists and planners have both 
begun to concentrate on the study of public participation. Planners have 
found the need to understand individual decision-making processes, and 
psychologists have likewise become confronted with the macrolevel of 
human behavior (Churchman, 2002, p. 192). Furthermore, electronic par-
ticipation has become a new research domain (Kingston, 2011). Due to the 
increased volume of people and communication involved, however, plan-
ners face new challenges. The amount of interaction that is needed to 
react to commentary and feedback easily surpasses the capabilities of 
common stakeholder engagement processes. Crowdsourcing the partici-
pation process, from a technology design perspective, is seen as a possi-
ble solution (Brabham, 2009). The effect known as "the wisdom of the 
crowds” describes situations where valuable knowledge for problem solv-
ing or decision making is provided by many people rather than single ex-
perts (Surowiecki, 2005). 
 
Instead of collecting people’s knowledge directly, the approach de-
scribed in this work aims at utilizing the phenomenon for aggregating peo-
ple’s knowledge as inferred from their behavior. Crowdsourced geodata 
provides the opportunity for "tapping the perceptual, cognitive, or enactive 
abilities of many people" (Erickson, 2011, p.1). In philosophy and cognitive 
sciences, this source of knowledge is described as distributed cognition 
(Dror & Harnad, 2008). It reflects an attempt to reassess the meaning of 
"culture, context, history and emotion" (Hutchins, 2000, p. 10) in cognitive 
sciences. Distributed cognition provides important conceptual links for un-
derstanding interactions among groups of people, technologies and their 
environment. However, it does not necessarily rely on today's computers, 
networks or the Internet. Rather, these developments have created a sit-
uation or an interface to facilitate and access distributed cognition. Masses 
of data on how people interact with the real environment and perceive 
their surroundings are today available on the Internet as crowdsourced ge-
odata. 
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1.3 Terminology 
Current terms and definitions to describe this type of data are very 
diverse and continue to be a matter of controversy (Sui, Elwood, & Good-
child, 2013, p.31; Cinnamon & Schuurman, 2012). Often, crowdsourced 
data is misleadingly equated with volunteered geographic information 
(VGI). This implies an active role in supplying information, which is not al-
ways the case (see also Antoniou, Morley, & Haklay, 2010; Gorman, 2010). 
The same applies to the term collaborative, if it is not the primary intention 
of the user to actively collaborate but to personally share information. The 
term citizen sensors, on the other hand, implies that people do not know 
their data is being used, which is not always the case and may be ethically 
questionable. All of the above named terms (see Elwood, 2008; Krumm, 
Davies, & Narayanaswami, 2008; Goodchild, 2007; Matyas, 2007 for defi-
nitions) can be categorized under user-generated content (UGC). These 
terms do not adequately describe the specific group of crowdsourced data 
containing information on people’s interaction with the environment that 
are passively transmitted - that is not transmitted for the explicit purpose 
of being used in a bigger project or for collaboratively acquiring data.  
 
According to Harvey (see Sui, Elwood, & Goodchild, 2013, p.31), this 
data should be, as a distinction to VGI, termed contributed geographic in-
formation (CGI). While I do not argue against this, this naming convention 
can neither be seen as a solution to the central problem: there exist many 
reasons for publicly sharing data on the web and it is not productive to 
infer any user’s motivation based on the fact that data is available. Similar 
issues exist with other definitions. Brabham (2013), for example, argues 
that crowdsourcing always has a bottom-up component (everyone pursu-
ing a knowing or active contribution to a collective goal or outcome) as well 
as a top-down component (a single expert or group of experts utilizing the 
crowd as a source of information or a source for problem-solving). The 
difficulty with this definition is that there is a fuzzy transition of being active 
for problem solving, as will be explained later (see section 1.3.3.2, for in-
stance). 
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For the purposes of this work, I am using crowdsourced data as an 
umbrella term to describe both the shared data obtained from larger 
groups of people on the web and the process of utilizing this data for prob-
lem solving. It is noted that this definition lies at the opposite, wider end 
of a continuum of possible crowdsourcing definitions (see Doan, Rama-
krishnan, & Halevy, 2011). The specific subset of crowdsourced data that 
is relevant for the evaluation of public perception is described in section 
1.3.3.2. 
 
1.4 Related research 
Despite the availability of crowdsourced geodata being a relatively 
new phenomenon, the amount of research conducted around it is fairly 
substantial. Methods to visualize specific behavioral and perceptual pat-
terns have been proposed for crowdsourced geodata from web services 
such as Twitter, Panoramio, Flickr and Foursquare. For example, Frias-Mar-
tinez, Soto, Hohwald, & Frias-Martinez (2012) used geolocated Twitter 
messages to identify urban land uses (Business, Leisure/Weekend, Night-
life, Residential) based on typical temporal and spatial patterns of activity. 
Alivand and Hochmair (2013) demonstrated the extraction of scenic routes 
using geotagged photos from Panoramio. A number of researchers have 
looked at the question whether such data can help describe and locate 
geographically vague places (Jones, Purves, Clough, & Joho, 2008; 
Twaroch, Jones, & Abdelmoty, 2008). Others have focused on under-
standing tourist dynamics (Girardin, Fiore, Ratti, & Blat, 2008), the extrac-
tion of representative images for landmark discovery (Kennedy & Naaman, 
2008), or the interactive exploration of attractive areas using Google Earth 
(Kisilevich, Andrienko, Krstajic, Keim, & Andrienko, 2010). 
 
The photo-sharing community of Flickr received special attention in 
the context of user behavior analysis. Antoniou, Morley, & Haklay (2010) 
classified Flickr as a source of geographic information that is particularly 
suited for analyzing user behavior. The rationale is that the functionality for 
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georeferencing photos on Flickr is additional, and not the primary motiva-
tion of users. Furthermore, Nov, Naaman, & Ye (2010) identified a broad 
range of motivational factors for contributing and participating in Flickr. In-
terestingly, a survey from 2008 revealed a comparatively wide range of 
contributing user groups (Cox, Clough, & Marlow, 2008).  
 
Finally, georeferenced photos with attached, personal descriptors 
(captions or tags) proved suitable for generating place semantics based on 
general human perception (Rattenbury & Naaman, 2009). Purves and Ed-
wardes (2008) collected half a million photographs and descriptive cap-
tions from over 5000 users and found that the frequency of terms can be 
used to explore relationships between landscape features such as “hill” 
and activities (climbing, skiing, holidays, observation, sitting, walking), ele-
ments (fort, top, summit, horizon, ridge), or qualities (steep, distant, 
wooded, black, rough). The potential for using common tag clouds in a 
spatial context to visualize semantics from crowdsourced data was 
demonstrated, among other uses, by Dahinden, Eggert, Mondzech, & 
Paelke (2010) and Nguyen, Tominski, Schumann, & Ta (2011). This idea 
was first introduced by Kennedy, Naaman, Ahern, Nair, & Rattenbury 
(2007) and used by Yahoo Research Berkeley to generate maps similar to 
the ones presented in this research. 
 
However, existing approaches were found to be not entirely suited for 
visualizing and evaluating the subtle characteristics of environmental per-
ception. For instance, while Kennedy et al. (2007) presented a complex 
algorithm to identify representative tags and landmarks, the generated vis-
uals exclude the majority of descriptive tags of lesser importance. Without 
this information, it is not possible to evaluate the diversity of relevant as-
pects with which a place may be characterized, or assess the relative im-
portance of a single aspect compared to others. Furthermore, the method 
focuses on visual features while ignoring tags that relate to spatially char-
acteristic associations, emotions or interactions. In addition, approaches 
described above either investigate important but singular aspects of the 
process or remain at a conceptual, theoretical level. In order to be applica-
ble within the fields of landscape and urban planning, it is necessary to 
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devote more attention to the entire process, beginning with creation of 
data to interface questions (encompassing data input, alterations during 
processing and storage, as well as retrieval from databases) and, finally, 
graphical visualization. 
 
In summary, while the approach that is used herein may not be seen 
as fundamentally different compared to other research, it is aimed at a 
more practical, visual and holistic perspective. The computational pro-
cesses are comparatively less complex and specifically designed for im-
plementation within the presented context. Thus, the contributions of this 
work are multifaceted but focus on the generation of novel visualizations, 
utilizing common GIS software (ESRI ArcGIS), and the description of the 
overall process supporting project specific adaption. 
1.5 Objectives 
This work aims at providing a new approach to the assessment of the 
perceived landscape for application to the fields of landscape and urban 
planning. The presented approach is different to existing ones in that it 
taps into the large pool of crowdsourced data available on the Internet. 
Central to the goals herein is to study the applicability of crowdsourced 
spatial photo content in respect to the analysis of landscape perception. 
While related research from adjacent disciplines has successfully demon-
strated the versatility of this source of data, it is largely unheard of in the 
practice of landscape and urban planning. The key to a successful imple-
mentation in these fields is seen in bringing together concepts, theories 
and methods from three pillars of knowledge (Fig. 1). 
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Fig. 1: Focus on three pillars of knowledge for facilitating application in landscape and 
urban planning. 
While the main focus of this work is the development of novel visual-
izations, application of visuals equally requires a theoretical basis for inter-
preting data (the framework) and technical knowledge for processing data. 
Therefore, the contributions of this work are multifaceted. The following 
objectives may provide a more accurate base for evaluating significance of 
results for each of these pillars. 
a) The theoretical analysis should merge into a framework that rec-
ognizes the open and uncontrollable research conditions that ac-
company utilization of crowdsourced spatial photo content, by 
providing a model-like guidance to narrowing down available 
sources of data for the evaluation of public perception. In the final 
part of the framework, guidelines for measuring and weighting 
data should be prepared.  
b) Based on this framework, the process of data analysis should be 
explained in two steps, using one data source example. The first 
step of data analysis should encompass the wider applicable and 
more basic techniques for processing data, to facilitate adaptability 
of the process. 
c) The second step should exemplify visualization of data focused on 
the application to the fields of landscape and urban planning. Given 
that the opportunities for visualizing data are open-ended, criteria 
for evaluating quality and accuracy of visuals should be briefly dis-
cussed. 
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These focal points make clear that the nature of this project is explor-
ative. The validation of results in a focused study effort is not the main 
motivation of this work. Despite this fact, it is understood that the signifi-
cance of results depends to a large degree on the suitability for integration 
into the practice of landscape and urban planning. Therefore, a possible 
integration of results into one practical, real-world example from landscape 
and urban planning should be exemplarily drafted out. 
1.6 Methodology 
This work is compiled in two main parts. The conceptual framework 
(Part I) comprises theory and conceptual approach. The application exam-
ple (Part II) addresses analysis and visualization of data. This design is 
based on the objectives stated in the previous section, and the following 
considerations. 
 
For drafting out the methodology that underlies this design, it is nec-
essary to anticipate two of the decisions justified later in the work. The 
first decision is using photography (or, more specifically, the action of 
photo-taking and online sharing of photographs) as the method of data 
gathering. It will be shown that the majority of traditional methods utilize 
(in some way or another) photos and photography for assessing landscape 
perception (section 1.2.2). The relations to the specific type of photo data 
used in this work are clarified in chapter 1.3 (conceptual approach). The 
second decision is choosing Flickr as a source of data to demonstrate anal-
ysis and visualization. Both decisions are interrelated. Furthermore, the 
choice for using photo-taking in combination with Flickr entails specific 
techniques for processing and visualizing data in subsequent chapters. 
This means, the visuals demonstrated in the second part of this work are 
entangled with the data they are based on, as are the techniques used for 
processing data. 
 
This composition raises a number of important questions. To what de-
gree does Flickr influence the results? Or, what portion is related to choos-
ing photography as the method for data gathering (and not, for instance, 
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the phenomenon of posting georeferenced messages from mobile 
phones as tweets). And finally, to what degree are the visualizations re-
lated to the collective perception of the environment? The research design 
used herein directly relates to these questions, and can be explained as 
follows. 
 
  
Fig. 2: Approach illustrated as a multi-layered process of analysis. 
 
If we assume that the phenomenon of perception can only be approx-
imated to some degree (through different methods of observation, also 
known as triangulation), then analysis and visualization can be seen in a 
layer-like structure. Figure 2 illustrates this multi-layered structure for the 
approach as it is presented in this work. Here, the two layers symbolizing 
Flickr and photo-taking function as intermediate layers, obscuring the orig-
inal phenomenon under observation (i.e. perception). 
 
For untying the previously raised questions, we can appropriate the 
concept of noise commonly used in data mining (Han, Kamber, & Pei, 
2012). Noise describes the various effects that distort and alter data before 
it can be evaluated for specific purposes. While data noise generally de-
scribes negative effects, it depends on the viewer’s perspective what is 
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regarded as negative. In respect to the evaluation of perception from 
crowdsourced photo geodata, there are two possible sources of noise: 
(1) Noise introduced through the interface used for data collection 
(e.g. Flickr), and 
(2) Noise related to the method used for data gathering (e.g. photo 
taking).  
As an example for the first case, consider the practice of taking several 
photos as a means to create a panoramic image. The user may decide to 
share each single photo alongside the merged panoramic image. The gain 
of information for each of these photos, in respect to perception, is mar-
ginal when compared to a singular, thought-through photo. Thus, when 
measuring intensity of perception through the number of photos, for in-
stance, an observation could be biased when the practice of panoramic 
photo shoots is ignored. It follows that the goal of data analysis and data 
visualization must be to apply filters to reduce noise and enhance infor-
mation clarity in respect to the evaluation of public perception (such as 
merging all photos with the same location within a specific timeframe). In 
this view, choosing the right method for data gathering and choosing the 
right interface for collecting data takes on a central role. The less noise 
that is introduced through both decisions the easier it is to extract relevant 
information in the following. 
 
The conclusions for methodology and research design are the follow-
ing. Some of these layers can be directly influenced (analysis, visualiza-
tion), whereas other layers can be influenced only indirectly (the interface, 
by choice). Over still others we have no leverage at all (e.g. how people 
take or share photos). Therefore, early chapters are more open or explor-
ative in nature, describing relations (1.3.4) or explaining the basis for deci-
sions (1.3.5). Later chapters provide more precise answers for processing 
(2.2.3/4) and visualizing data (2.3). Finally, the narrow frame of a practical, 
real-world example from landscape and urban planning is used to exem-
plarily describe a potential implementation of the approach in practice (2.5). 
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This means the degree of concreteness in this work increases along 
the continuum of decisions made in the research process. Inevitably, and 
by intent, this structure leaves many open-ended opportunities for contin-
uing or detailing research. Leaving some lines open is weighted in favor of 
a model-like structure, which provides a basis for transferring knowledge 
to the comparatively wide range of possibilities for applying this source of 
data in the fields of landscape and urban planning. The overall research 
design is illustrated in a schematic and more detailed fashion in Figure 3. 
 
Consequently, this work makes use of both quantitative and qualita-
tive research methods. While the underlying techniques and visualizations 
are of quantitative nature, interpretations and drawn conclusions are qual-
itative, taking into consideration a rather holistic perspective with the aim 
of preserving the complexities of human behavior. 
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Fig. 3: Schematic diagram of methodology. 
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1.7 Formal conventions 
Objectives and methodology are conditional to a number of formal 
conventions. From a wider perspective, the discussion of methods and 
results is seen as an integral part of this thesis. For this reason, a research 
paper was published in Landscape and Urban Planning magazine as a 
means to present results to the wider research community (Dunkel, 2015). 
Commentary and feedback from the peer-review process was directly in-
corporated into this final synthesis. In this context, the paper does not 
contain any additional or new results. Rather, the preliminary results dis-
cussed in the research paper were revised (when necessary) and the dis-
cussion was extended to reflect the wider scope of the synthesized work 
presented herein. In particular, more attention is given to the theoretical 
basis (sections 1.1 and 1.2), including the conceptual approach (1.3), and 
a more in-depth portrayal of materials and methods (2.2). Similarly, the dis-
cussion of results is significantly extended (2.3). Finally, the implementa-
tion example (section 2.5) was prepared additionally to demonstrate a pos-
sible integration of techniques in a more detailed fashion, as a means to 
guide application of methods in practice. 
 
The accurate description of the software that was specifically devel-
oped for this work is considered of rather minor importance for the goals 
herein. While the software is of central importance to the presented re-
sults, it only reflects one possible implementation of concepts and meth-
ods. Software and operating platforms change rather quickly. Adaption is 
often necessary, sometimes on a weekly basis, as base versions, hard-
ware and API’s change. It is understood that the primary focus of land-
scape and urban planners (as the core group of the targeted audience) is 
the synthesis of results coming from many different methods and tech-
niques. For accurate interpretation and integration of results, and for draw-
ing accurate conclusions, conceptually understanding the application of 
techniques is assigned highest priority. The software package that was 
developed and used in this work is made freely available online under a 
Creative Commons license (see section 2.1). 
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In this vein, the use of formulas and mathematical reasoning is also 
reduced to a necessary minimum. While numbers are important for this 
work, complex formula disguise their underlying effects on results. Often, 
this impedes interpretation. The use of complex formulas also poses the 
risk of results being used without caution. It is a known phenomenon that 
people, including experts with postgraduate degrees, tend to consider re-
sults as more objective, definite or of higher quality when formulas are 
used that cannot be understood by themselves (Eriksson, 2012). This phe-
nomenon is also known as the nonsense math effect (see the above). 
Avoiding such obfuscation is particularly important for analyzing percep-
tion, where already the unambiguous understanding of the underlying phe-
nomenon poses difficulties (see the following section). 
 
Finally, the visualizations presented in this work were originally devel-
oped to be viewed interactively and online. Consequently, they are not 
meant to be viewed on static, paper-size prints. All results are available 
both as digital material attached to this work (see App. I) and as interactive 
online material (see references in section 2.1). Nevertheless, it was at-
tempted to use examples that are comprehensible as in-text figures and 
maps, without accessing digital or online material. Readers are advised to 
study additional material whenever fonts are considered too small to be 
legible. 
 
It was attempted to avoid web references whenever possible. How-
ever, the newness of the topic being dealt with made it necessary to in-
clude a larger number of such references as is perhaps common. There-
fore, a specific formal convention is made for online references that are 
cited in tables and figures. These references are cited in the form of su-
perscript numbers (e.g. 1) and listed separately in section 5.2.
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I. Part I: Conceptual framework 
1.1 Visual perception 
 
Perception entails a specific form of interaction with the environment. 
This interaction or action is always active, as “landscapes cannot be pas-
sively observed” (Zube et al., 1982, p.22). This does not mean one cannot 
calmly observe. Instead, Zube et al. refer to the basic nature of perception. 
In its most simple form, perception can be described as “the conscious 
experience of sensory input” (Ittelson, 1973, p.142). Being aware of some-
thing (i.e. being conscious) requires an active state of the mind. In other 
words, once a visual signal reaches our consciousness, it is already ac-
tively experienced (see also Gibson, 1950). This idea is reflected in con-
temporary definitions of perception (Fig. 4). 
 
Fig. 4: Google search for “what is perceiving”, the result showing a common definition 
for perception, referenced from current dictionaries (see Oxford Dictionaries, 2016). 
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While perceiving something always requires an active processing of 
information, the preceding cognitive processes encompass both active 
and passive components. The eye, for example, is such a passive compo-
nent. Both eyes transmit about 10 million bits per second to the brain 
(Koch et al., 2006). This passive gathering of light signals occurs inde-
pendently from our conscious or unconscious eye movement. Even if we 
decide to close our eyelids, the eyes continue to send signals to the brain. 
However, the final image, coming into existence somewhere in the cere-
bral cortex (Gibson, 1950), does not consist of individual light signals. We 
are seeing a three dimensional world. This world consists of individual ob-
jects that can be recognized and distinguished. Sometimes, this requires 
very little or no effort. Most people, for example, will recognize a tree with-
out any notable mental effort. The effort needed for distinguishing differ-
ent trees, albeit slightly higher (depending on the observer), is still incom-
parably low to the processing power a computer would require (see the 
‘Bongard problem’; Linhares, 2000). Somehow, in the course of evolution, 
the human brain has developed a neuronal structure for automatic, lower-
level processing of visual information. This neuronal structure is very effi-
cient in pre-processing and pre-filtering of visual signals, particular because 
of its abilities for analogy making, association and pattern recognition 
(Mitchell, 1993). Importantly, this ‘perceptual module’ processes infor-
mation unconsciously, without the need for mental effort or conscious at-
tention. 
 
Exactly how this module works is the subject of many (particularly 
neurobiology and cognitive psychology) studies. Some results suggest 
that visual signals are automatically evaluated and filtered against long- and 
short-term memory (Summerfield, Rao, Garside, & Nobre 2011; Fockert et 
al., 2001). This means past experiences, knowledge and personal values 
provide the basis for what we are seeing. While the majority of people 
may agree with this, many will likewise be inclined to argue against the 
controversial implication that follows. If what we are seeing is the result 
of an automatic, pre-filtering process then, in a way, we are ‘only seeing 
what we want to see.’ Gibson asked “If the solid visual world is a contri-
bution of the mind, […] where do the data for this construction come from 
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[and] why are we so seldom actually misled by illusory perceptions?” (Gib-
son, 1950, p.14).  
 
More recent studies indicate that the action (or the decision) to do 
something - that is, the behavior that follows perception - is similarly af-
fected by our unconsciousness (Custers & Aarts, 2010; Kunde, Kiesel, & 
Hoffmann, 2003). This seemingly paradox interplay between conscious at-
tention and unconscious processing of information continues to be a cen-
tral issue in human perceptual and behavioral research (Kosslyn, 2005; 
Pessoa, 2005; Bechara, Damasio, & Damasio, 2000; Marcel, 1983). In 
search for a framing theory, the study of perception split into an ever-
smaller analysis of sub-problems which, presently formulated, cannot be 
joined together (Kosslyn, 2005; Northoff, 2004). Despite this absence of a 
larger theory, there are a number of findings that can be summarized for 
the evaluation of public perception in landscape and urban planning. 
 
Visual perception is difficult to separate from other forms of percep-
tion. In literature, it is usually stated that about 80% to 90% of our sensory 
input is provided by the visual sense (Bell, 2012). Therefore, vision can be 
regarded as the most important sense. However, an active human being 
will use all senses to analyze its surroundings. For example, depending on 
the situation, an auditory stimulus may equally draw a person’s visual at-
tention. Similarly, the sense of smell may be perceived so dominantly that 
it triggers a reaction of the visual system (e.g. a visual search for its origin). 
In addition, humans always have motives or pursue goals (Bechtel & 
Churchman 2002; Gibson, 1950). These are reflected in the different ac-
tivities carried out in the environment. Different activities require the mod-
ulation of focus from one type of sensory input to another. At best, it can 
be said that the analysis of visual perception has a tendency to be inclined 
towards the visual stimuli that influence perception (Bell, 2001; see also 
Bruce & Green, 2014; Gibson, 1950). The integrated perceptual experi-
ence always consists of both external sensory stimuli and internal repre-
sentations and motives. 
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The transition between conscious and unconscious perception is not 
abrupt. For the visual sense, some researchers distinguish two types of 
perception, ambient vision and focal vision (Itti, 2000; Ohno, 1991; John-
son, Leibowitz, Millodot, & Lamont, 1976; Trevarthen, 1968). Ambient vi-
sion is described as the outer layer of perception, bordering our conscious-
ness. This type of vision takes into account the peripheral elements of the 
visual field. Ambient vision is intuitively guided, and more sensitive to 
background stimuli such as moving elements, or changes in luminance 
(Itti, 2000; Johnson et al., 1976). In contrast, focal vision is regarded as the 
center of our attention. It is explicitly directed and influenced both by the 
conscious part of the brain and the passive background scanning from am-
bient vision. Only through this sub-consciously aided collection of visual 
information it is possible that our consciousness is not flooded by unim-
portant signals. As a result, we are primarily perceiving (i.e. paying atten-
tion to) what is important or relevant to us (Kosslyn, 2005; Fockert et al., 
2001; Itti, 2000; Ittelson, 1973). 
 
What is important or relevant to us depends on many factors. Often, 
this is described as the perceived value (sometimes synonymously used 
with quality), and the meaning of the environment (Daniel, 2001; Zube et 
al., 1982). Both perceived value and meaning are inseparably intertwined. 
If something is important to us (i.e. is considered of value), it has a mean-
ing. Vice versa, if something has no meaning to someone, this person will 
not perceive a value. Importantly, this is independent to whether or not a 
value is attributed by other people. Therefore, meaning is neither a ‘sub-
jective’ conception of a single person, nor an ‘objective’ attribute of the 
environment (Bechtel & Churchman, 2002, p.96). Meanings are con-
structed as intersubjective conventions between people which, in turn, are 
hierarchically structured (Schwartz & Bardi, 2001). Some of the conven-
tions used to process and interpret visual information are given from birth. 
This common basis for perception is a bond between all humans. Other 
meanings are negotiated between groups and subgroups of people. Cul-
tures share a common view or conception, a certain way of seeing things, 
or attributing values in a typical way. This is why the perception of the 
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environment is different among different people. The process of calibrat-
ing one’s perception is reflected in the constant learning process, begin-
ning from birth (Kaplan, 1979). 
 
This has led to the notion of perception as a system consisting of two 
poles (Bechtel & Churchman, 2002; Daniel, 2001; Ittelson, 1973). These 
poles are inseparably linked (see the ‘Mind–body problem’, Northoff, 2004; 
Dewey, & Bentley, 1949). On one pole is the experienced world (as it is 
sensed), and on the other pole is the experiencing person (who perceives, 
attributes meaning, feels, remembers, judges etc.). In visual perception, 
the environment pole is represented by the early hierarchical levels of vis-
ual processing (Itti, 2000). This is where the environmental stimuli are pre-
evaluated and, depending on the assigned importance, are allowed to 
reach higher cognitive levels. The people pole is where most of the ‘intan-
gible’ properties come into play. This encompasses such loosely defined 
entities as past experience, knowledge, expectations, beliefs and goals, or 
“the socio-cultural context of individuals and groups” (Zube, Sell, & Taylor, 
1982, p.3). 
 
1.2 Theory and practice in landscape perception assessment 
1.2.1 Expert valuation versus participation 
There are attempts to unite both ends of the continuum of perception 
in a single conceptual framework, such as the one presented by Tress & 
Tress (Fig. 5). These attempts continue to be of only limited relevancy to 
practice (Freeman, Duguma, & Minang, 2015). In the fields of landscape 
and urban planning, it is commonly agreed upon that both poles of percep-
tion, the people pole and the environment pole, must be considered when 
assessing landscape perception and perceptual values (Daniel, 2001). With 
what means this is done - that is, the theoretical bases and its application 
to practice - differs significantly and continues to be a matter of contro-
versy.  
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Fig. 5: Human/landscape interaction model (Tress & Tress, 2001, p.151). 
The respective assumptions, positions, and approaches can be aligned 
along a scale, ranging from emphasis towards one side of perception to 
the other (Fig. 6). The categories range from ‘expert’ approaches, over ‘ex-
perimental’ to ‘experiential’ approaches (although narrower and broader 
classification schemes exist). On the expert-side of paradigms is a ten-
dency towards the landscape part of perception. The general assumption 
is that visual quality or value is a measurable attribute of the physical world, 
which in turn can be assessed by experts (Zube, Sell, & Taylor, 1982). In 
the experimental paradigm, it is assumed that landscape is a source of 
visual stimuli, to which humans respond in typical and reproducible ways 
(Dakin, 2003). Visual stimuli are classified through variables such as ‘diver-
sity’, ‘beauty’, ‘mystery’, ‘naturalness’ etc. These variables are then meas-
ured using ratings or preferences, typically based on photographs, and ob-
tained from humans in experimental studies (Kaplan 1985; Daniel & Bos-
ter, 1976; Shafer et al. 1974). The experiential paradigm is commonly held 
by psychologists and environmental behavior-researchers. This group 
stresses the importance of assessing the landscape as it is actively expe-
rienced in the real world (see Unwin, 1975). Here, it is believed that per-
ceived values and quality arises from what the landscape means to the 
people who actually perceive it. 
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Fig. 6: Classification of approaches to landscape assessment (altered, from Dakin, 2003, 
p.3). Red circles symbolize importance for the everyday practice of landscape perception 
assessment. 
The wealth of available approaches, which seem to evenly cover the 
full scope of the perceptual continuum, is not put into the everyday prac-
tice of planning. In practice, the perceived landscape is most commonly 
assessed by experts (Daniel, 2001; Dakin, 2003, Palmer & Hoffman, 2001). 
In the expert approach, it is believed that experts (such as landscape pro-
fessionals) are capable of estimating how the landscape is perceived 
(Zube, Sell, & Taylor, 1982). The basis for expert assessments is always 
some sort of inventory of landscape components (coined “descriptive in-
ventory methods”, Arthur et al., 1977). Physical features that are assumed 
to contribute to the visual character of a landscape are first systematically 
recorded (i.e. remotely sensed or collected through field-surveys). These 
components are then aggregated and brought in relation to estimate a total 
value.  
 
This procedure has been criticized as to its limited consideration of the 
human viewer component (Dakin, 2003; Palmer & Hoffman, 2001; Daniel, 
2001). In addition, descriptive inventory methods are controversial be-
cause they imply that landscape perception and overall perceived quality 
can be derived from the sum of each part of the landscape (Arriaza, Cañas-
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Ortega, Cañas-Madueño, & Ruiz-Aviles, 2004; Kaplan, 1985). In this con-
text, only one of several challenges is that ephemeral features are difficult 
and costly to assess. Consequently, wildlife, events or reoccurring phe-
nomena such as the sunset or specific light conditions, which are some-
times unique to a place and draw many people’s attention, are commonly 
ignored. Rachel Kaplan, an environmental psychologist, further highlights 
that the abstract categories or classification schemes created by experts 
do not necessarily match the implicit categorization underlying perception 
of the general public (Kaplan, 1985, p.164). Findings from cognitive science 
support this assumption (Glushko et al., 2008). Kaplan concludes that ex-
pert methods tend to ignore the patterns that actually affect public percep-
tion in the real world. Finally, some researchers argue that the precise and 
often quantitative nature of descriptive inventories with “subjectively-se-
lected but objectively-applied criteria […] disguise their underlying subjec-
tivity” (Wherrett, 1998, p.27; see also Dakin, 2003). This applies a fortiori 
to the more complex landscape metrics, such as Shannon’s Diversity In-
dex or Edge Index, because experts themselves have problems under-
standing them (Herbst, Forster, & Kleinschmit, 2009). Consequently, many 
expert landscape assessments have been shown to lack even the most 
basic criteria for precision, validity and reliability (Daniel, 2001). 
 
Therefore, sometimes (e.g. if the project is politically charged, or if it 
is adequately financed) the public’s opinion is measured through various 
direct methods. Methods encompass surveys or other forms of participa-
tion (see also Bittner & Haaren, 2004). Here, focus is given to assessing 
the perceived values from observers and what the landscape means to 
the people who see it. As mentioned earlier, this approach is challenging 
because such an assessment ideally encompasses “every aspect of the 
environment and all human environmental experience, recollection and im-
agination” (Daniel, 2001, p.270). It is further unclear how the unit of anal-
ysis should be defined (i.e. the definition of worth or importance, see 
Palmer & Hoffman, 2001). Often, results are not satisfactory because it is 
problematic to objectively categorize or quantify the expressive and intui-
tive aspects of human behavior and perception (Dakin, 2003). Some argue 
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that this lack of precision causes a considerable disadvantage for individ-
ual, people-centered values in multi-resource environmental decision-mak-
ing processes (Palmer & Hoffman, 2001). 
 
As a result, the practice of landscape perception analysis remains 
largely based on conventional expert assessments. Even the recent para-
digm shift towards ecosystem services (De Groot et al., 2010) has not 
closed the gap between theory and applied practice because it is even 
more problematic to determine “the role (if any) that landscape aesthetic 
quality might play in ecosystem management” (Daniel, 2001, p.274). 
 
At this point, it seems important to emphasize that always the experts 
(or a group of experts) choose and apply methods for collecting infor-
mation. Afterwards, based on the information that is gained through ap-
plying methods, conclusions are drawn which in turn provide the basis for 
action (Palmer & Hoffman, 2001). From this viewpoint, attention must be 
given to the availability of methods and procedures from which experts 
can choose. Methods are important because they provide opportunities 
and incentives for incorporating specific values and information content. If 
the human viewer component is to be more acknowledged, then a look at 
available methods tailored for this purpose may shed some light on the 
respective problems regarding their application.  
 
In the context of assessing visual landscape perception and perceptual 
values, photography-based methods (notwithstanding their limited appli-
cation in practice) have proven particularly suited for collecting information 
on the human-viewer component (Steen, 2007; Dakin, 2003; Daniel, 2001; 
Scott, & Canter, 1997). In the following, available photography-based 
methods for landscape perception assessment are described and evalu-
ated as a means to summarize issues, which may explain their limited ap-
plication in practice. 
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1.2.2 Photography-based landscape perception assessment 
1.2.2.1. Photo-based surveys 
Photo-based surveys encompass a set of techniques for obtaining hu-
man perceptual responses from photos. Common among these tech-
niques is the practice of handing or showing landscape photographs to a 
group of participants. The participants are either asked to apply ratings for 
various criteria (e.g. beauty, solitude, preference etc.), or react in verbal or 
written form (see example in Fig. 7). Afterwards, the responses are evalu-
ated in respect to the specific research question. Often, statistical tech-
niques are used to determine the mathematical relationships that exist be-
tween landscape components and the collected perceptual responses. 
 
Fig. 7: Scene photograph and participant scene rating based on bi-polar, seven-step ad-
jective scales (Shafer & Richards, 1974, p. 2). 
These methods were originally developed to compensate for the inad-
equate levels of precision, reliability and validity of expert landscape as-
sessments (Daniel, 2001). Photo-based surveys were found to be particu-
larly suited for evaluating landscape preferences (Barroso, Pinto-Correia, 
Ramos, Surova, & Menezes, 2012; Schroeder, 1991). This means reac-
tions to a photograph have shown to be biased to the effect that the type 
of landscape which is depicted in the photo is rated, and not the actual 
experience of a place (Scott, & Canter, 1997). This is in conformity with 
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the categorization of such methods as experimental approaches (see 
Fig. 6, section 1.2.1; also Zube et al. 1982). 
 
Information on viewer preferences for certain types of landscapes is 
of particular use for planners and designers when transferring knowledge 
to similar planning scenarios. For example, a research group in Chicago 
asked volunteers to rate photographs of arboretum settings (Schroeder, 
1991). The researchers evaluated the participants’ responses in respect to 
their favorite arboretum settings. The researchers were particularly inter-
ested in the specific thoughts, feelings and memories associated with 
those settings. Schroeder found that, while most participants favored for-
ested, natural landscapes, some preferred either open, natural fields or 
maintained, formal landscapes. These differences are explained through 
different degrees of conformity between the photograph and the viewer’s 
‘mental image’ of arboretums (Schroeder, 1991, p.10). Schroeder con-
cludes with a recommendation for applying this knowledge in planning. 
When designing new parts for an arboretum, so it is argued, a planner 
could focus on natural wood settings while likewise providing a variety of 
natural and landscaped settings. In the specific example of the Morton 
Arboretum in Chicago, this information provides a basis for understanding 
what affects people’s perception of as well as people’s identification with 
the different landscapes in the garden. 
 
The results described above may appear simple, which demonstrates 
how complex and time-consuming the evaluation of people’s preferences 
for specific types of landscapes proves to be. Although relatively few re-
searchers report time and cost for surveys, it is assumed to be one of the 
most limiting factors of applying this group of techniques (Steen, 2007). 
Furthermore, several researchers emphasized the limited representative-
ness of photo-based surveys, and therefore the limited transferability of 
knowledge gained through such analysis (Palmer, & Hoffman, 2001). For 
example, a survey compared preferences for certain types of landscapes 
across different cultures (Buijs, Elands, & Langers, 2009). The survey 
found that while Dutch people, for instance, prefer wooden, unchanged 
nature and wilderness-depicting landscape images, immigrants tended to 
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prefer images of landscapes with a high level of visible anthropogenic 
management. This means, due to the characteristically small number of 
respondents and the small number of photographs used in surveys, sev-
eral biases may be induced through the research setup. In the example of 
the Morton Arboretum, the survey was based on a relatively small sample 
of 34 people, who answered the questionnaire based on 20 photographs. 
Although Schroeder emphasizes that it is important for planners to judge 
how people are likely to react if landscapes are altered in specific ways, 
he acknowledges the need to broaden the group of users, and the sample 
of arboretums, before generalizing results (Schroeder, 1991, p.16). 
 
A further difficulty in the evaluation of responses is that results are 
relatively simple, and heavily directed through the one-dimensional rating 
scales (Wherrett, 1998; Abello & Bernaldez, 1986). Scales affect how peo-
ple are able to react. Thus, the choice of variables significantly influences 
how results can be interpreted (Kaplan, Kaplan, & Brown, 1989). To allow 
a more thorough evaluation of the respondent’s personal conceptualiza-
tion (i.e. the associated context and meanings), responses may be vali-
dated by additionally retrieving written comments (Steen, 2007). This prac-
tice is more similar to the technique of photo interviewing, which is de-
scribed in section 1.2.2.3. 
 
Finally, a basic yet controversial question is whether photos are a suit-
able surrogate for the actual in-situ perceived experience of landscapes 
(Sevenant & Antrop, 2011). Some results suggest that this is true, at least 
to some degree and for specific categories of values (Shafer & Richards, 
1974; Daniel, & Boster, 1976; Zube, Pitt, & Anderson, 1974), whereas 
other researchers raised concerns in this context (Steen, 2007; Palmer & 
Hoffman, 2001; Scott & Canter, 1997). A study from Shuttleworth (1980) 
indicates that photo-based surveys are less reliable when not the entire 
landscape is the subject of analysis but specific parts of it (e.g. the evalu-
ation of impacts of single, manmade structures such as wind farms). Con-
versely, others conceptions suggest that looking at photos cannot repli-
cate the holistic experience of landscape perception (Unwin, 1975). This 
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discrepancy in positions may be caused by a lack of consensus on what is 
actually meant by landscape perception, quality or values (Daniel, 2001). 
 
Although researchers continuously highlight the broad potential of 
photo-based surveys, they remained largely unused in practice. The time 
needed to conduct surveys, their limited representativeness, and the com-
plexity of the research setup restricted application to specific, small-scale 
and research related scenarios (Steen, 2007; Palmer & Hoffman, 2001; 
Daniel & Meitner, 2001). 
 
1.2.2.2. Photo-based Internet surveys 
The use of photo-based Internet surveys can be seen as an attempt 
to facilitate the collection of information and broaden the group of people 
on which surveys are based. The development of Internet surveys is pri-
marily motivated by the challenges of implementing standard photo-sur-
veys in planning practice. Here, the Internet offers an opportunity to re-
duce the high time expenditure and financial burden commonly associated 
with survey research (Wherrett, 1999). 
 
Roth (2012) developed a web-based photo questionnaire to study the 
wider applicability of photo-based Internet surveys for landscape percep-
tion assessments, as well as the potential differences between expert 
landscape assessments compared to the perception of lay people. The 
utilized research design equals the one applied in standard participant sur-
veys (section 1.2.2.1). A 9-step rating scale was used to collect perceptual 
response for 9 different criteria (e.g. naturalness, diversity, uniqueness, 
beauty) and 154 photographs (see Fig. 8). Overall, about 5700 ratings from 
1600 participants were received and evaluated for 6 different study areas 
located in Germany (Roth, 2012, p.208). Results indicate that there is a 
medium correlation between expert valuation of landscapes and re-
sponses retrieved from participants. The author concludes that correlation 
coefficients give some signs of concern for the validity of expert landscape 
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assessments. It is suggested that photo-based Internet surveys are a use-
ful means for supplementing and backing up standard expert landscape 
assessments. 
 
Fig. 8: Online photo questionnaire with 9-step rating scale (Roth, 2012, p.193). 
Although ideas, assumptions and principles are similar to those made 
in traditional photo-based surveys, there are some important differences. 
Because no direct observation of participants is possible, as Roth (2012) 
argues, the interface design becomes of higher relevance. For example, 
attention must be paid to potential differences in the medium of display 
(e.g. computer monitors of different sizes, tablets and smartphones), dif-
ferent monitor and color resolutions, or hardware and software issues 
(Wherrett, 2010, p.83). 
 
It is difficult to describe challenges and drawbacks of Internet-photo 
questionnaires for landscape perception assessments because only few 
study results have been published. It seems possible to conclude that this 
type of technique is equally affected by many of the constraints described 
for standard photo-based surveys. For example, the research design and 
prescribed photo rating scales appear to equally limit possible responses 
obtained from participants. Furthermore, it is likewise questionable 
whether photos used to collect responses are representative. In the study 
conducted by Roth, 154 photographs were taken by the author with aims 
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of being systematically taken and representative of the study area (Roth, 
2012, p.171). Nevertheless, it is left unclear what representative in this 
case means (how many photos are needed to accurately represent a land-
scape?), and to which degree the selection of photo locations, center of 
focus, weather, daytime, season or other transient conditions may have 
affected ratings obtained from participants. In this view, results may be 
similarly prone to the ‘ecological fallacy’ Palmer & Hoffmann (2001) already 
criticized for other photo-based surveys because only mean ratings are re-
ported. Finally, photo-based Internet surveys lack the controllable research 
conditions of standard photo-based surveys, which adds another layer of 
imponderability (Wherrett, 2010). 
 
1.2.2.3. Photo-interviewing and participant photography 
The terms autodriving, reflexive photography, photo novella or pho-
tovoice describe sub-types of photo-interviewing techniques (Hurworth, 
2004). Here, instead of assessing people’s responses to photographs, par-
ticipants are asked to take photographs themselves. These techniques 
originated from anthropology and the social sciences.  
 
The anthropologist John Collier first described different types of 
photo-interviewing techniques (Collier, 1967). Collier’s main motivation 
was his own, self-felt subjectivity as an expert, and his inability to over-
come this subjectivity when studying people’s behavior. Collier wrote, 
“We are not generalists, and imagery beyond our professional area is apt 
to be peripheral and often projectively distorted. We see what we want to 
see, as we want to perceive it. Learning to see with visual accuracy, to 
see culture in all its complex detail, is therefore a challenge […]” (see the 
above, p.5). Collier refers to the fundamental challenge of objectively as-
sessing public perception because such assessment is always influenced 
by the assessor’s personal conceptualization of the world (see chapter 1.1 
and 1.2.1). By incorporating the views of participants (e.g. through partici-
pant-photography), the ‘expert’ acknowledges that there is information be-
yond his or her assessment abilities.  
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An example is given in Figure 9. The graphic illustrates a response 
from a study where homeless people in San Francisco were asked to pho-
tograph their daily lives and comment on these photographs. Interestingly, 
in contrast to the usually negative conception of the lives of poverty-
stricken people (such as those carried by social workers, as experts in the 
field), the photographs and comments collected from the poor people par-
ticularly reported on positive aspects. Collier emphasized that while both 
perspectives may have a degree of truth, the photo-interviews offered a 
different view on the lives of poor people, a view which was usually not 
considered by outsiders or experts (Collier, 1967, p.120). 
 
Fig. 9: Participant obtained photograph and comment as a form of informal feedback and 
interviewing technique (Collier, 1967, p.120). 
In a similar way, participant-photography offers new perspectives on 
the public’s perception of landscapes. Delegating photo taking to the peo-
ple who actually use or visit a landscape allows evaluating the landscape 
from a people-centered viewpoint (Bruce & Revell, 1989). In such a re-
search setup, the qualitative evaluation of people’s emotions, memories 
and contextual behavior takes on a central role. In the various planning 
disciplines (particular in tourism studies), this technique is commonly re-
ferred to as visitor employed photography (VEP, coined by Cherem, 1983). 
VEP is primarily used in situations where it is required to evaluate the 
meaning of landscapes, and where greater weight is given to a holistic 
assessment of the phenomenon of perception (MacKay & Couldwell, 
2004). 
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VEP methods tailored for the assessment of landscape perception are 
often used as a supplement to other types of surveys. In VEP, the classi-
fication of landscapes (what is considered of importance) is directed by 
the participants themselves. This overcomes problems associated with 
expert-selected classification of landscape components in photo-based 
surveys (1.2.2.1). Also, VEP allows for assessing a wider range of percep-
tual responses. Here, the photographic medium has its strengths in de-
picting people’s actual, unaffected experiences. These experiences are 
usually difficult to assess when directly questioned because there are dif-
ferences between what people say that matters and what really matters 
to them in practice (Metro-Roland, 2011, p.70). Furthermore, through the 
simplicity of the photographic medium, communication between the plan-
ner and the people directly concerned with the respective outcome is fa-
cilitated (Hurworth, 2004, p.3). Bruce & Revell (1989) assign the following 
list of questions to participant-photography: 
• What is the visitor’s purpose? 
• What is the meaning associated with landscape features? 
• What is the intensity and location of landscape use? 
• What is the sequence of exposure to a landscape and the lo-
comotion through a landscape? 
• Which emotions are experienced in the landscape? 
• What are the factors that attract a visitor’s attention? 
• What are the temporal characteristics of the landscape? 
While these questions are important to landscape perception analysis, 
the application of photo-interviewing techniques in practice remains a 
niche category. Techniques remained restricted to specific, small scale 
and research related studies. There are several reasons. Firstly, handing 
out cameras and collecting responses from participants is considered a 
time intensive and financially expensive procedure (Markwell, 2000). Due 
to difficulties in finding participants, results are generally based on smaller 
and, therefore, less representative numbers of people compared to photo-
based surveys. Furthermore, interpreting and ‘decoding’ visual imagery is 
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difficult because it involves making assumptions about the people’s inten-
tions (Collier, 1967, p.108). In addition, the research setup (e.g. handing 
out cameras and asking people to photograph what they find interesting) 
may similarly influence results (Heyman, 2012; Collier, 1967). Thus, results 
collected through photo-interviewing are neither entirely free of the re-
searchers influence. 
 
1.2.3 Conclusions 
Many landscape assessment tasks benefit from the expanding base 
of available information, but no significant advances have been made in 
landscape perception analysis. The reasons are twofold. On the one hand, 
landscape inventories can only describe landscapes to a certain degree of 
detail. But landscape perception is often affected by the underlying, some-
what intangible associations between things and their complex interrela-
tionships (section 1.1). There is a limit to the degree of summarizing parts 
of the landscape for accounting to its true, holistic value. While experts in 
the field are trained to identify complex landscape patterns, their assess-
ments remain at best a rough approximation of the landscape’s ‘true’ 
value. On the other hand, assessing landscape perception means ‘seeing’ 
through the eyes of visitors and the local population. The quality of the 
assessment depends on the expert’s ability to empathize with the people 
who perceive the landscape. Not surprisingly, these observations have 
shown to be often (unwittingly) distorted towards the expert’s personal 
perception. This is problematic insofar as opinions, preferences and values 
from specific social groups may easily be ignored in planning processes. 
Despite the extended use of survey research, this situation continues to 
persist. 
 
Instead of collecting people’s knowledge through surveys or inter-
viewing, the approach described in the following aims at collecting peo-
ple’s knowledge from data that is available without the researcher’s need 
for interaction. An increasing amount of photos, among other data, is 
shared on a daily basis on the web. To some degree, this data tells us 
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something about the ways people perceive their world. For instance, it 
could be a comment that someone posts to an article on a newspaper’s 
site, containing information on the person’s political perspective; or, a sta-
tus update from someone on Facebook, allowing friends to grasp a bit of 
information on how this person spends his or her time. Likewise, blog 
posts may communicate specific point of views such as the travel prefer-
ences from someone returning from a vacation and reporting on his or her 
trip. Each of these facets of communication conveys very little information 
on a single user’s perspective and values. On a large scale, however, this 
trend provides the opportunity for "tapping the perceptual, cognitive, or 
enactive abilities of many people" (Erickson, 2011, p.1). In landscape per-
ception analysis, based on the previous success in application of photog-
raphy and photo-based assessment methods (section 1.2.2), it seems ob-
vious to now direct attention towards shared photo data on the Internet. 
  
However, shared photo data on the Internet is significantly different 
to the photos used in traditional photo-based surveys or to the photos ac-
quired through participant photography. In photo-based surveys it is possi-
ble to direct or motivate participants, through the research setup and de-
sign, towards providing specific perceptual values (1.2.2.1). This guaran-
tees comparability of responses and opens up the opportunity for mathe-
matical analysis and evaluation. In participant photography, samples are so 
small that responses can be manually evaluated or interpreted (1.2.2.3). 
Both approaches are not feasible for crowdsourced photo data. Firstly, no 
leverage is available to direct or motivate Internet users towards providing 
specific perceptual information. And secondly, the amount of data makes 
manual evaluation impossible. 
 
The openness of the research medium leads to further challenges. A 
planner who seeks to observe public perception through this specific type 
of ‘lens’ is confronted with a wide array of potential sources with seem-
ingly little relation to perception. Crowdsourced photos are not generated 
by a homogenous set of rules, nor by a specific group of trained experts. 
Therefore, comparability of data is not initially guaranteed. Furthermore, 
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photos on the web are often published anonymously, or with limited infor-
mation available on those who created the photos in the first place. Finally, 
it is unclear how technology (i.e. the interface for collecting data) influ-
ences photo taking. All of these differences mean that it is not possible to 
directly apply existing, photography-based approaches, which are com-
monly used to assess the public’s perception of landscapes.  
 
The following chapter will therefore introduce a framing theory that is 
tailored towards understanding the processes involved in the creation and 
evaluation of crowdsourced photo data. This theory forms the basis for 
choosing the right data source (1.3.3), identifying relationships between 
the data and the phenomenon of perception (1.3.4), and formulating con-
siderations for analyzing and visualizing data (1.3.5). 
1.3 Conceptual approach 
1.3.1 A framing theory: Distributed cognition 
Distributed cognition was first used in philosophy and cognitive sci-
ences to describe perceptual and cognitive processes across larger num-
bers of individuals. While traditional cognitive science focuses on the cog-
nitive and perceptual abilities of individuals, distributed cognition tries to 
explain phenomena emerging from our increasingly interconnected world, 
facilitated through advances in technology (Hutchins, 2000). Several re-
searchers already suggested the usefulness of the distributed cognition 
framework for the analysis of human behavior in the context of photo tak-
ing (Steels, 2006; Van House, Davis, Takhteyev, Good, Wilhelm, & Finn, 
2004). For the work described herein, the motivation for bringing distrib-
uted cognition into the analysis of landscape perception is twofold.  
 
Firstly, landscape perception analysis deals with cognition as it hap-
pens in the real world, and not so much in enclosed experimental studies. 
While theoretical analyses of the individual processes of perception are 
important (and this work wishes not to replace them), the conclusions are 
sometimes weak when results are transferred to real-world scenarios (see 
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chapter 1.2.2). The data we are studying here is generated ‘in the wild.’ 
Interwoven in this data are the complex patterns of perception. Distributed 
cognition provides a conceptual basis which is particularly suited to view 
and understand these real-world cognitive processes and patterns. 
 
Secondly, distributed cognition offers a perspective under which the 
roles of each of the participating actors can be understood. This is im-
portant because the landscape or urban planner who analyzes social media 
data becomes part of a dynamic system. The actions of the planner may 
influence how data is shared (for example, people’s willingness to provide 
information). Vice versa, the behavior of the people influences the ability 
of the planner to analyze data and to draw useful conclusions. Therefore, 
an applicable definition of the roles of planner, technology and people is 
necessary. 
 Perceptual processes ‘in the wild’ 
The cognitive anthropologist Edwin Hutchins explains perception as a 
shared cultural process, and not so much as a process bound to an indi-
vidual mind. Therefore, cognition and perception are seen in their histori-
cal, socio-cultural contexts. In this view, meaning is constructed in negoti-
ated social practices, and the meanings of these practices (or actions) are 
grounded in the context of activity (Hutchins, 1995). Hollan, Hutchins, and 
Kirsh (2000, p.177) describe the following questions as central to the the-
ory: 
(1) How are the cognitive processes we normally associate with an 
individual mind implemented in a group of individuals, 
(2) How do the cognitive properties of groups differ from the cognitive 
properties of the people who act in those groups, and 
(3) How are the cognitive properties of individual minds affected by 
participation in group activities? 
These questions become particularly important when working with 
data shared by many people on the web. The motivation for sharing data 
is not so much to inform other people about our actions, but to engage 
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(often unknowingly) in the process of negotiating values and attributing 
meaning to the environment (as will be discussed later in section 1.3.4.2). 
The meaning of the environment is created and contained in the actions 
of people belonging to groups and subgroups that share a common view. 
For example, the network functionality of social networks is their most 
important function because users can find themselves in groups that share 
data or a common viewpoint on a specific subject. Therefore, what is 
shared is, to some degree, influenced by the dynamics of the group (what 
is expected from us) and by how the participating person sees his or her 
most beneficial contribution to the dialogue (what we can share). This ex-
plains phenomena such as the repetitive photographing of famous attrac-
tions. Although we can find better quality photos of the Eiffel Tower on 
the Internet, a photo of the famous landmark is almost expected from us 
when visiting the City of Paris and reporting on the visit (this phenomenon 
is known as the hermeneutic circle; see Urry, 2002, p. 129). 
 
Therefore, a planner who seeks to make sense of such data must first 
have a deeper understanding of the processes involved in its creation. The 
processes involved in the creation of crowdsourced photo data are later 
described in chapter 1.3.4. 
 Roles of the researcher, technology and the actors 
In distributed cognition, the relationship between the researcher 
(equivalent to, in our case, the planner), the technology and the people (as 
actors) is described as the following. Technology is seen as a background 
agent, augmenting human cognition. Such technology is defined as cogni-
tive technology (Dror, 2013). When people utilize cognitive technology to 
enhance their capabilities, both the utilized technology and the human are 
termed cognitive partners. 
 
For example, a human can ‘offload’, to some degree, the simple (cog-
nitive) task of orienting and navigating itself in an unknown area to tech-
nology, by using a mobile device with automatic GPS and mapping func-
tionalities. This frees up cognitive resources and allows better utilization 
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of more important, higher cognitive functions, such as combinatory capa-
bilities for interpreting and understanding the newly experienced environ-
ment (although, freed up resources are often used for other less important 
tasks). In a similar way, cognitive technology facilitates distribution of cog-
nition between humans. An example is the many forms of ratings, reports 
or (non-) recommendations for hardware, travel destinations, restaurants 
and other services, provided by people on the Internet. When using such 
information, the need to consume personal cognitive effort for verifying 
respective suitability is (partly) offloaded. The mental operations from 
many people are divided, and shared as a form of collective intelligence, 
while technology (the Internet) functions as a silent information-distrib-
uting agent in the background (at this point, we leave aside the issue of 
potential manipulation or false recommendations, which will be later at-
tended to in chapter 2.4). 
 
In this view, it is noted that distributed cognition is, in fact, not new. 
In history, and from a wider point of view, any collection of spatial data for 
the assessment of landscapes usually required the distribution of cognitive 
tasks among several people or groups. A single observer cannot assess a 
landscape without help. Many trained experts or specific technology de-
vices collect the information that is finally used to evaluate landscapes. 
These conventional landscape assessments increased both in detail and 
scope, while periods of data availability continually decreased. The ad-
vances of technology have speed communication up to a level where it is 
almost instantaneous. Satellite imagery is sometimes already available on 
a monthly or weekly basis, compared to update intervals of many years in 
the past. Every year, census data encompasses a wider scope of infor-
mation about the population. Equivalently, Internet surveys reach out to 
the expanding base of Internet users, while conventional mail question-
naires required the cumbersome creation of lists of addresses, paying high 
printing costs, and waiting for the delayed arrival of responses. These ex-
amples do not illustrate the type of distributed cognition that is meant 
herein. 
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1.3.2 Description of the approach 
The approach presented in this work takes the position that the task 
of evaluating landscape perception can be seen as a task of distributed 
cognition in itself. Here, the planner, technology and people become cog-
nitive partners for evaluating how the landscape is perceived. From this 
perspective, rather than seeing people as subservient to the planner (as 
mere data providers), the planner and people work together in a coopera-
tive manner. The rationale for this cooperation is that both parties have an 
equal interest in a collectively beneficial development of landscape and, 
therefore, the accurate evaluation of landscape perception (at least if we 
consider the ‘public’ as a whole, and not as individual people, who may 
have anything from strong to no interests in the landscape).  
 
 
Fig. 10: Information flow diagram with actors, agents and assigned tasks. 
While it seems possible to assume that many people willingly allow 
access to a part of their shared data for analyzing viewpoints, opinions and 
thoughts, a planner can impossibly examine thousands or millions of re-
sponses. Here, technology comes in as an intermediate agent, to quantify, 
aggregate and filter information. The planner then reaches a conclusive 
decision over a small set of information, provided by the technology. This 
optimal scenario is illustrated in Figure 10. 
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When the above laid out framework is applied in practice, its current 
limitations must be recognized. Technology is often not as seamlessly in-
tegrated in daily life as may be necessary (see also Richter & Winter, 
2011). Furthermore, due to social and technological constraints, only a 
small part of the population may be able to participate. Finally, there cur-
rently exists no landscape and urban planning adapted intermediate agent 
(technology, or an interface) to readily collect and process data. This 
means weighing possible advantages and disadvantages of available ser-
vices for recording, storing and distributing information, and designing 
new technology (e.g. computer software) for filtering, aggregating and vis-
ualizing information. Figure 11 shows this sequential decision and design 
logic for the approach as it is applied in this work. The next section will 
discuss possible criteria for selecting a suitable interface for the goals pre-
sented herein. 
 
Fig. 11: Sequential decision and design logic for approach as it is applied in this work. 
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1.3.3 Choosing the right data source 
1.3.3.1. Availability of crowdsourced and georeferenced photo 
data 
Currently, there exists no platform or intermediate interface to collect 
crowdsourced data for the purpose of evaluating perception in landscape 
and urban planning. Therefore, the source of data must be chosen among 
available crowdsourcing platforms. However, no theoretic basis exists for 
choosing among the many available alternatives. 
 
At this stage, it may be considered to restrict the initial search to data 
that is, in some way, related to photo taking. As a rationale for this deci-
sion, it may be argued that photography and photo-based methods already 
proved successful for assessing landscape perception (see section 1.2.2). 
The following difficulty arises. Shared photo data is available in many forms 
and from a number of web sources. Examples are classic photo-sharing 
communities such as Picasa or Instagram. But, the functionality for up-
loading and attaching photos to messages or other content is available in 
most online communities. Moreover, the differences between photo data 
and other content increasingly blur. For instance, Twitter tweets or Face-
book posts can be enriched with photos. This practice is used because 
photos are able to convey emotions or meanings much stronger than plain 
text messages (Syed-Ahmad et al., 2009). Similarly, Wikipedia users up-
load photos to complement encyclopedia entries. People attach photos to 
recipes that are submitted, rated and reviewed on cooking communities. 
Conversely, we can find photos on search engines such as Google or Bing. 
The photos found through such means may reside on public servers, web 
pages, blogs and so forth. In 2014, Internet users uploaded more than 1.8 
billion photos to the Internet – on a daily basis (Meeker, 2014, p.62). Ac-
cessing the entirety of this data is not a practicable solution. 
 
Consequently, a second decision may be considered to limit the initial 
search to photo data that is spatially related. Since we are interested in 
evaluating landscape perception, it can be argued that information should 
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be, in some way, related to space. While this consideration is reasonable, 
filtering spatially-related photos proves equally problematic. Despite the 
fact that some photos contain computer readable coordinate pairs (i.e. Ge-
otags), it can be assumed that a large percentage of photographs on the 
Internet do not come with such specific information (compare Tab.1). It is 
possible to geocode non-georeferenced photos, for instance, based on a 
contextual relationship such as ‘near Amsterdam’, however, this in turn is 
not a practicable solution for large numbers of photos (Hanbury, 2008). On 
the other hand, to actually know whether a photo is georeferenced or not, 
it must be accessed because a Geotag may reside within a photo’s EXIF 
data (see Ramesh & Pinaki, 2010). For this reason, this approach is neither 
a practicable solution for initially filtering the large base of available 
crowdsourced content. 
 
This means, the main restricting factor is not availability of data but 
accessibility. Consequently, and not surprisingly, research employed with 
crowdsourced photo geodata relies almost entirely on the availability of 
Application Programming Interfaces (API’s) for accessing data (see intro-
ductory section on related research; Naaman, 2012). API’s are software 
interfaces, made available by web-services, with the functionality for re-
questing and sending data based on a set of commands. For the re-
searcher, this does not only guarantee consistently structured data, but 
also warrants clear rules for using data in accordance with privacy re-
strictions and copyright concerns. 
 
Only a small percentage of photos that are accessible through API’s 
are georeferenced. In this context, accurate numbers are difficult to obtain. 
An attempt to compare percentages of georeferenced photos and related 
statistics for 5 major sources of photo data is made in Table 1. With about 
4.5 million photos added daily, Flickr appears rather small among the larger 
web services. For example, Facebook’s 1.4 billion people encompassing 
user base (as of December 2014, see Facebook, 2014, p.5) is said to have 
uploaded between 300 to 350 million photos daily, depending on which 
source is cited (Meeker, 2014, p.62). 
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 Flickr Picasa Web (and Google+) Instagram Twitter Facebook 
Focus 
Photo sharing ser-
vice and social 
networking ser-
vice 
Photo sharing and 
social networking 
service 
Photo sharing ser-
vice 
Social networking 
service 
Social networking 
service 
Number of users 87 - 92 million 135 - 300 million6 200 - 300 million10 250 - 288 million7 
870 million to  
1.4 billion3 
Total number of pho-
tos 6 – 8 billion
1 7 billion1*** 40 billion10 / 250 – 400 billion 
Percentage of pho-
tos with geotags 2 – 4%
15, 20, 23 / 15 – 25%14 
3 - 20%  
total geotagged 
tweets16, 22) 
None** 
New photos per 
month 
10018 – 140 mil-
lion8 
6 billion11 2 – 2.5 billion10 
60 – 100 million13 
(17 billion 
tweets21) 
9 - 11 billion9, 17 
Upload limitations 1 Terabyte unlimited* unlimited 1000 per day4 unlimited 
API geo-search unlimited restricted real-time real-time / 
Tab. 1: Selected sources of crowdsourced photo geodata and statistics. The list is not 
meant to be comprehensive and depicts only a small number of examples (for refer-
ences, see List of web references, section 5.2). 
*Some restrictions still apply (size of photo, limited number of uploads per minute) **Fa-
cebook removes or disregards geotags ***Accurate numbers are difficult to obtain due 
to the recent integration of Picasa in Google+ and further changes 
Furthermore, API’s may change at any time. For example, Google 
seems to have suspended the API functionality for searching publicly avail-
able, georeferenced photos from their Picasa Photo Service in September 
2014, with no announcement (Sandvik, 2014). The API’s from Instagram 
and Twitter, on the other hand, require researchers to listen to the data 
stream while data is being added (this type of service is labeled ‘real-time’ 
in Tab.1). Here, a search for data added in the past is restricted or only 
limitedly possible. Finally, some of the platforms reduce API data access 
to a minimum. For instance, while Facebook strips geographic information 
from uploaded images, users may still manually attach this information. 
Nevertheless, this data is not accessible because Facebook entirely pro-
hibits a general or spatially delimited search for photos. 
 
While this is not a desirable situation, and these limitations considera-
bly reduce the list of potential sources for data in the first place, the 
amount of available photo data still exceeds the reach of traditional pho-
tography-based landscape assessment methods. The following section 
will look at criteria for estimating the suitability of interfaces for analyzing 
human behavior and perception. 
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1.3.3.2. Suitability for analyzing human behavior and perception 
Several criteria may be used to assess suitability of data sources for 
analyzing human behavior and perception. For instance, an important char-
acteristic seems to be the contextual richness of the provided information. 
A rich dataset that encompasses additional information such as who took 
the photo, what was photographed, or when the picture was taken would 
be better suited than a simple dataset containing just the location of pho-
tographs.  Therefore, it can be said that the suitability for visualizing and 
interpreting information depends (to some degree) on the availability of 
additional, contextual information. Another criterion for evaluating suitabil-
ity could be the comparability of data. If data is minimally processed and 
characterized in a unique but coherent manner (by the targeted audience, 
thematic focus or the interface of the web application), then data should 
be easier to compare using algorithms and methods for processing and 
visualization. The geographic coverage of the provided data can be seen 
as a further criterion for evaluating suitability. Obviously, a data source is 
not suited if the area we are trying to assess is not covered by the available 
data. Vice versa, a data set with a small coverage area, which exactly fits 
our study area and other needs, may prove a particularly suitable source. 
Another factor could be user-reach. Usually, in landscape and urban plan-
ning (and in the majority of survey-like approaches), planners are interested 
in a preferably large base of participants, or people on which a study is 
based. For assessing landscape perception, a suitable data source would 
ideally encompass not only a rather large portion of the local population, 
but also tourists and visiting people because the ELC’s definition of land-
scape explicitly embraces these groups (see introduction). 
 
While the above-mentioned criteria are important for evaluating suita-
bility, they are difficult to assess without actually retrieving and analyzing 
the data. Often, this may not be possible due to limitations of time or other 
restrictions. Furthermore, it is not guaranteed that the interface still dis-
torts data in such a way that renders it useless for perceptual analysis. For 
instance, the location of a Twitter tweet (if provided) usually contains the 
location from where the message was sent. This means it can be assumed 
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that, often, the original location of photos may not match the (provided) 
location from where the tweet was sent (see also Hahmann, Purves, & 
Burghardt, 2014). As an example, consider someone taking a photo during 
his or her walk to public transit, on a daily commute to work. He or she is 
more likely to tweet the photo when sitting in the bus (or the metro, etc.), 
when there is time to add a comment, rather than directly sharing the 
photo (except if there is a specific reason for). The resulting data may still 
prove as a suitable base for evaluating general user behavior (e.g. where 
people think about what). However, the data is perhaps only limitedly 
suited for evaluating landscape perception because the provided infor-
mation is not tied strong enough with the perceived space. 
 
Another perspective, which must be considered when evaluating suit-
ability, is the way in which the interface itself influences user behavior and 
perception. For example, in many services, the users are generally guided 
or directed towards a common goal (collecting humanity’s knowledge in 
Wikipedia, or mapping the world in OpenStreetMap). Here, a user’s be-
havior is influenced by regulatory mechanisms that limit the value for per-
ceptual analysis. This is similarly applicable for photo-sharing communities. 
For example, the photo-sharing application Geograph requests users “to 
collect geographically representative photographs and information for 
every square kilometre of Great Britain and Ireland” (Geograph, 2015). 
Therefore, it can be expected that the users’ spatial behavior is, to some 
degree, influenced by these (albeit loosely formulated) overall objectives 
of the service. 
 
Both previous paragraphs relate to what Antoniou et al. (2010) call ‘in-
centives to space’ (p.108). The researchers compared the spatial distribu-
tion of photos across four different services (Flickr, Panoramio, Picasa, and 
Geograph), and found that the spatial patterns differ substantially. They 
further argue that the rules or incentives that the service itself places upon 
its users influence how spatial content is distributed. For example, Pano-
ramio and Geograph focus on collecting photographs for the greatest pos-
sible geographic coverage. This specifically encompasses sparsely popu-
lated rural areas. Flickr and Picasa, on the other hand, do not explicitly try 
Conceptual approach - 52 
 
to influence how users georeference their content. The functionality for 
georeferencing photos is additional and not the primary motivation of us-
ers. As a result, the photo locations from Flickr are less evenly distributed 
and focus on famous, highly frequented public places. In other words, the 
resulting data is more likely portraying typical human behavior. 
 
Antoniou et al. (2010) conclude that undirected geographic photo con-
tent, such as the data from Flickr, is better suited for analyzing human 
behavior. They further classify this type of data as implicit and, in contrast, 
directed spatial content as explicit. Other researchers similarly classify 
crowdsourced data in actively and passively created spatial content (Doan 
et al., 2011). From a broader point of view, Richter & Winter (2011) de-
scribe that “people will contribute such [spatially implicit] content […] only 
if the collection is facilitated unobtrusively, casually, or […] calmly,” (p.447) 
and further emphasize that “communication between users and devices 
must become as natural and unobtrusive as possible.” This directly relates 
to the earlier considerations for utilizing technology as a silent background 
agent for collecting and distributing data (see section 1.3.2). Only if tech-
nology (i.e. the interface) is designed in a way that it does not influence 
the behavior of its users, it is suited for collecting behavioral information. 
 
Based on these considerations, two conclusions may be summarized 
for selecting suitable sources of crowdsourced spatial photo data for stud-
ying human perceptual behavior. 
• The submitted spatial information must tie the data strong 
enough with the actual location of the perceived space. This is 
true for photo data only if the original location where the photo 
was taken is submitted. 
• Only spatial photo data that is implicitly collected, without the 
user’s activeness towards a common goal or (in-situ perceived) 
consciousness for collective problem solving, is suitable for an-
alyzing general user behavior and perception. 
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Both points reinforce the choice for large, undirected and open photo-
sharing communities such as Flickr, with availability of additional function-
alities for uploading and commenting on automatically georeferenced 
photo content. Among the available sources, Flickr seems a particularly 
suitable candidate because of its relatively open designed API for access-
ing content. 
 
However, it is still unclear to what extent exactly photo taking and 
photo sharing in communities relates to the perception of the landscape. 
A more definite statement about the data’s suitability for evaluating human 
behavior and landscape perception is only possible after closely looking at 
the specific relations of data and the circumstances under which it was 
collected. This also means that narrowing down the range of suitable data 
sources is a non-deterministic process. While some services may be left 
out early in the process, based on data availability, accessibility or other 
apparent limiting factors, other services may need a closer review. For the 
data that is collected through general photo sharing communities such as 
Flickr, this examination is followed in the next section. 
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1.3.4 Relations between data and the phenomenon under observation 
1.3.4.1. Photo taking and landscape perception 
The camera, as a visual recording apparatus, captures everything visi-
ble in the direction it is pointed, not just the photographer’s intended sub-
jects. For a photographer, it may be impossible to appoint any single object 
in a landscape photograph that triggered the decision for originally taking 
the photo. On the other hand, photographers may often describe the con-
tents of a photograph as inaccurate in representing their actual perception 
of the scene (Van House, 2011, p.130). One of the reasons is that photo-
graphs only capture a small portion of the photographer’s perceived reality. 
Furthermore, photographs may convey other meanings compared to what 
the owner originally intended to express (Becker, 1995). This implies a lim-
itation to the significance of the contents pictured in a photo for the as-
sessment of perception (see also chapter 1.2.2.3). Not everything that is 
perceived is photographed, and not everything that is visible in a photo-
graph has been perceived. What are the differences and, conversely, what 
are the similarities between perceiving and taking photos? What is the 
meaning of the photograph, if its pictured contents are of rather minor 
importance to the assessment of landscape perception? 
 Relationships and definitions 
Photography has been described as a “reductive way of dealing with 
the world” (Sontag, 1977, p.63). This definition emphasizes the procedural 
and exclusive character of photo taking. The photograph, as a result of this 
process, is both an “interpretation of the world” as it is a trace of the pro-
cesses that preceded its creation (Sontag, 1977, p.120). The perceptual 
processes that precede the creation of a photograph can be considered as 
its context (Becker, 1995). This context is directly related to what Ittelson 
(1973) defined as environment perception and Unwin (1975) called land-
scape experience. This notion of perception was later coined landscape 
perception (Zube, Sell, & Taylor, 1982). Landscape perception is the eve-
ryday form of perception that is connected to purposeful, meaningful, goal-
oriented and directional action. In landscape perception, the environment 
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surrounds the observer. The observer is part of the landscape and interacts 
with it (Unwin, 1975).  It is the observer that brings landscape perception 
and photo taking together. Unwin regarded the observer as having three 
components (Unwin, 1975, p.131). 
• the physical relationships of the landscape observer and land-
scape,  
• the observer's perception of the landscape, and  
• the nature of preferences for and valuations of the landscape. 
While this classification may raise some concerns, it is suited to un-
derstand the intermediary character of photographs. The photograph is im-
portant as it forms a bridge between these mental and physical, and con-
scious and unconscious components of the observer (Edwards, 2002, 
p.69). The observer’s physical relationship to the landscape is traced in the 
location, time and, perhaps to a somewhat lesser extent, the direction of 
the photograph. These traces form a connection to the context of the 
photo. Note that this relationship is completely independent of whether it 
is possible to later identify the location of a photograph, the time it was 
created, or the direction it is pointed to. Importantly, the function of the 
photograph is that it constructs a relationship, and this relationship links to 
an observer’s values and perception at a specific time and space (Becker, 
1995). How is this achieved? 
 
The most obvious physical relationship is the location of the photo-
graph. Someone who wants to take a photo must first move their body to 
a physical location. Investing energy to move somewhere is an important 
form of valuation (McIntyre, Moore, & Yuan, 2008; see Harvey, 1973, 
p.158, for a description of the link between physical location and value). 
Movement is central to perception. It is the base for Gibson’s theory of 
affordances (see Gibson, 1950), which influenced many of today’s notions 
of perception. In the context of tourist photography, Urry (2002) explains 
affordances as constraints to behavior and perception along certain possi-
bilities (p.155). Photographing always occurs in some relation to body 
movement. This is independent of whether the photographer explicitly 
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moves itself somewhere to take a photo (1), incidentally happens to be 
somewhere and takes a photo (2), or photographs as part of another activ-
ity carried out in the environment (3). These types indirectly relate to a 
photographer’s perception of the landscape as well as to the preferences 
for and valuations of the landscape, albeit in slightly different ways.  
 
In the first case (1), a valuation is possibly most strongly expressed. 
Out of an enormous number of available alternatives, the photographer 
explicitly chooses to visit a specific place at a specific time. Perhaps equat-
ing the photographer here with an observer is misleading. Ittelson (1973) 
wrote “One does not, indeed cannot, observe the environment: one ex-
plores it” (p.149). Whether a photo is taken during this exploration de-
pends on the prior goals, predispositions and expectations of the photog-
rapher; in other words, the motivation that underlies our daily actions. For 
this reason, before discussing case two (2) and three (3), a brief paragraph 
on motivation and action is inserted. 
 
Actions can be classified into either driven by intrinsic or extrinsic mo-
tivational factors (Ryan & Deci, 2000). Because people feel rarely forced to 
take photographs, the actions accompanied by photographing are primarily 
intrinsically motivated. Intrinsic motivated behavior is said to be most im-
portant for human well-being and the fulfillment of basic psychological 
needs (Deci & Ryan, 2000). In contrast to extrinsic motivation, intrinsic 
motivation is characterized by higher degrees of self-determination and 
people’s free choice in engaging in activities (Deci & Ryan, 2000, p.233). 
Thus, intrinsically motivated activities are those that people do naturally 
and spontaneously, when they are free to follow their inner interests. In 
addition, Lux, Kogler, & Fabro (2010) interviewed photographers and found 
that the majority of photo taking activities is connected to positive affective 
states (i.e. positive emotions). Conversely, affect factors, such as excite-
ment and joy, are central to intrinsically motivated behavior (Reeve & Cole, 
1987). A particular high degree of intrinsically motivated behavior is re-
flected, as an example for case one (1), in the practice of ‘photo-walks’. 
Among other motivational factors, photo-walks are practiced for experi-
encing, rethinking and understanding the (often unnoticed) everyday 
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spaces of urban environments (Pyyry, 2015). While the resulting photo-
graphs may be shared for reasons of self-representation, or archived for 
purposes of memorization, the main motivation of photo-walks can be 
seen in the act of understanding, experiencing and perceiving itself. 
 
The second case (2) can be best described as spontaneous photog-
raphy. People take photographs whenever something ‘noteworthy’ hap-
pens (Koskinen, 2005). This is increasingly practiced as cameras and mo-
bile phones become devices of everyday life (Van House, 2011, p.127). 
What is considered as noteworthy depends on the context and situation. 
It seems possible to assert that this type of photography has a tendency 
to be inclined towards the perceived external stimuli provided by the envi-
ronment. Such stimuli could be surprising events, a person that draws sud-
den attention toward themselve, or changes in weather, lighting and other 
transient conditions. Nevertheless, to be able to perceive these stimuli, a 
person must have first physically moved to the place, which in turn is al-
ways bound to some activity. People always do something and the envi-
ronment provides incentives or limitations for certain activities (Deci & 
Ryan, 2000; Gibson, 1950). This is why this form of photography is difficult 
to distinguish (and perhaps inseparable) from the third case. 
 
In the third case (3), photography casually accompanies an activity. 
The difference to spontaneous photography may be seen in the explicit 
motivation of carrying a camera to take photographs. This type of photog-
raphy often accompanies typical activities carried out in the environment 
(see also Crang, 1998). Interestingly, through this ‘piggyback’ relationship, 
photo taking is linked to a very personal form of perception, one that is 
normally not accessible to academic researchers (Dodman, 2003). Despite 
recent shifts in the everyday practices of photo taking, photography re-
mains mainly attached to a wide array of leisure activities and, in particular, 
family and tourist activities (Cox, 2013; Urry, 2002; Crang, 1998). Interest-
ingly, these activities are usually strong expressions of personal prefer-
ences and are therefore characterized by high degrees of intrinsic motiva-
tion (Goossens, 2000). 
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While intrinsic motivated behavior most clearly reflects an individual’s 
internalized values (Deci & Ryan, 2000), the values expressed in these ac-
tivities are complex. However, complexity here does not mean compli-
cated or difficult to understand (as similarly applies to perception; see It-
telson, 1973, p.142). Values appear complex due to an enormous wealth 
of possible human activities photographing may accompany, and not when 
viewed in the specific context of a photo. As an example, consider a family 
on an afternoon walk through a park in a city in autumn. The children may 
notice a heap of leaves, which is turned into a spontaneous playground. 
Here, the environment provides an incentive for action, bound to a specific 
place. This action may be perceived as memorable by the children’s par-
ents, which in turn triggers the action of taking a photo. Although the pho-
tograph of the scene captures a very personal value, this value is indirectly 
related to something that may also be of value to other people. It is easy 
to understand value in this context because our personal value system 
resonates, in some way, with the values exhibited in the example. 
 
The temporal relationship between photographs and perception is ap-
parent in the examples above. Time and space are not separable. But dif-
ferent photographs are taken at different times. Conversely, perception 
changes over time as personal and collective values, preferences and mo-
tivational factors change. This seems obvious on a large scale. While pref-
erences for certain activities continuously change, bound to an individual’s 
experiences, so are the patterns of photo taking permanently modulated. 
But the influence of time not only operates over long periods. For example, 
landscape experience is equally influenced by the sequence in which dif-
ferent views are perceived (Steinitz, 1990). At any one time, only a fraction 
of the landscape can be seen. But the temporal order in which views are 
perceived produces patterns, surprise and contrast in relation to one’s 
memory and anticipation (see the above; Unwin, 1975). These personal 
responses to landscape are to some degree reflected in the temporal pat-
terns of photo taking. For example, in a photo survey for investigating en-
vironmental conditions and perceptions within cities, Moore et al. (2008) 
found that self-directed photography particularly allowed studying how ex-
periences and perceptions of participants ‘unfold over time’ (p.60).  
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On the contrary, it is clear that photographing is not a continuous pro-
cess. Photography is selectively employed to capture important moments 
(Lee, 2010; Lux, Kogler, & Fabro, 2010; Goh, Ang, Chua, & Lee, 2009). The 
definition of importance here is, as highlighted before, bound to a personal 
scale. This scale in turn is related to the context in which a photo is taken. 
Larsen (2005) notes that the sequence of photographs tells stories that 
‘accentuate’ personal values and perceptions. Perhaps it can be asserted 
that photography has a tendency to be used to capture the more valuable 
personal experiences and perceptions, or as Susan Sontag puts it, “Pho-
tographs are […] consciousness in its acquisitive mood” (Sontag, 1977, 
p.2). 
 
The third and last physical relationship is difficult to account for be-
cause it can be conceived in more ambivalent and contradictory terms as 
the temporal and spatial relationship. The direction and exact frame of a 
photograph are both intentional and unintentional. A slight movement of 
the hand that is holding the camera may partly be unintentional, partly un-
consciously directed, and to some degree consciously performed to in-
clude (or exclude) perceived aspects of the scene. Here, photography and 
perception share the commonality of a soft transition between conscious 
and unconscious effects (see chapter 1.1). This connection may be best 
explained with the link between ambient vision and the background ele-
ments visible in a photo. The human brain does not consciously notice 
everything that is perceived at a specific moment of photo taking. Hence, 
the orientation and contents of a photograph provide an equal limited base 
for estimating the photographer’s actual perception. Nonetheless, there is 
always an intention connected to the creation of photographs. Aesthetic 
judgment plays a role in pointing the camera and choosing a frame that 
best represents the photographer’s intention (Ramesh, & Pinaki, 2010). 
Quite often, this intention will be difficult to read (Garduno, 2010). This is 
why images often appear ambiguous. Their meaning remains unspecific 
when judged solely on the basis of their pictured contents because mean-
ing emerges from context (Ramesh, & Pinaki, 2010; Becker, 1995). 
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1.3.4.2. User motivation in the context of photo sharing in com-
munities 
Photo taking and photo sharing in communities can be described as a 
sequential process. Nov et al. (2010) distinguish two separate steps, the 
content-creation process (taking photos) and the contribution process 
(sharing photographs and adding information). Other researchers consider 
the viewing of photos as a separate, third step (termed ‘photo consump-
tion’; Lux, Kogler, Fabro, 2010). Even if these steps are carried out sepa-
rately, they are interrelated in specific ways. The previous section looked 
at relationships of photographs and perception without an explicit connec-
tion to the online sharing of photographs. The interrelationships and inter-
ferences induced through sharing photos online are part of the discussion 
in this section. How are photo taking and photo sharing connected, and 
how do these connections transport or influence the photographers’ per-
ception, and attribution of value and meaning? 
 Motivational factors 
Similar to the creation of photographs, the sharing of photos in online 
communities is a reductive process that is influenced by motivational fac-
tors. In a study on user motivations, all participating photographers re-
ported that they first store photographs on some sort of media device 
(Lux, Kogler, Fabro, 2010). At this stage, some participants already remove 
low quality pictures while keeping only important ones. An even smaller 
selection of photographs is finally shared with family or the public through 
various channels (e.g. email, online communities). Interestingly, the later 
sharing of photographs with others (whether online or offline) was re-
ported as being one of the main intentions for initially taking photos (Lux, 
Kogler, Fabro, 2010, p.43). These results suggest that there is some con-
nection between a photographer’s motivation for taking photos and the 
motivation for sharing photos. Many attempts have been made to classify 
and categorize the motivational factors for sharing photographs in online 
communities (see for example Lux et al., 2010; Nov et al., 2008; Van 
House et al., 2005). By building up on previous work and collecting addi-
tional data from participant diaries, a relatively broad classification scheme 
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is proposed by Goh, Ang, Chua, & Lee (2009). The researchers distinguish 
four main categories with an overall number of 13 subthemes. 
(1) Creation/maintenance of social relationships 
a. Sharing common ground 
b. Interest of recipient 
c. Telling stories 
d. Connecting with loved ones 
(2) Reminders of individual and collective experiences 
a. Personal memory 
b. Sharing key moments 
c. Sharing daily activities 
(3) Self-presentation and self-expression 
a. Expression of environmental views 
b. Expression of social views 
c. News reporting 
(4) Task performance 
a. Reminding 
b. Informing and decision making 
c. Replacement for writing 
This list provides a base for understanding what is and, conversely, 
what is not shared. The study from Goh et al. (2009) identified 14 catego-
ries for collected media (Fig. 12). The three main captured themes range 
from people (15%), to places of interest (14%), to captures of seasons or 
events (14%). Goh et al. (2009) further report that almost a quarter of 
shared images were related to positive emotions such as happiness 
(24%), excitement (21%) or surprise (12%), while not more than 5% of 
shared images were bound to negative emotions (e.g. fear, loneliness, an-
ger). 
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Fig. 12: Categories of captured and shared media (Goh, Ang, Chua, & Lee, 2009, p.199). 
The study from Goh et al. (2009) suggests that the motivation for shar-
ing photographs is equal to the motivation for taking photographs (p.198). 
This may be valid only in the study’s specific context of mobile phone me-
dia sharing. When using mobile phones, taking photographs is often in-
stantaneously followed by sharing them in some form (Gye, 2007). Con-
versely, the study from Goh and colleagues reports that almost half of the 
photos taken by participants have not been shared at all. The motivation 
for taking these photos is broadly categorized under ‘individual purposes’ 
such as ‘personal reflection’, or ‘to support a future personal task’ (Goh et 
al., 2009, p.198). This leads to difficulties when results are transferred to 
general photo communities such as Flickr. Photos are taken and shared 
using all kinds of different devices. Sometimes, photos are directly up-
loaded. Sometimes a photo will be kept for years before it is uploaded. For 
example, consider a user who may have recently joined the Flickr group 
‘Castles of Europe’. This may cause (i.e. motivate) the user to share a 
photo from a specific castle, taken years before. In this context, the moti-
vation linked to the taking of the photo may be completely independent 
from the motivation for sharing the photo. This means, the relationship 
between motivations for sharing photographs and a photographer’s moti-
vation associated with the taking of photographs is not very substantiated. 
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In this view, the sharing of photographs can be seen an autonomous step 
that creates its own context in which values and meanings are expressed. 
 Public discourse 
Therefore, another direction that is currently followed in research is 
the study of online media sharing as systems of public discourse (Herring, 
2004). This perspective considers the interactive and communicative ele-
ments of online media sharing as central to the creation of values and 
meaning. In the specific case of tourist photography, the work from Thur-
low and Jaworski (2011) looks at how cultural values and meaning mani-
fest themselves in the patterns of online discussions around shared pic-
tures. Even such basic evaluative comments as ‘That shirt looks awful’ 
(see the above, p.10) are seen as one of the many ways people position 
themselves and say something about their view of the world (Thurlow & 
Jaworski, 2011, p.22). Some researchers tend to classify these meanings 
and values as “banalities of ordinary life” (Koskinen, 2005, p.11). To the 
contrary, Thurlow & Jaworski argue that this form of communication is the 
smallest unit of social action from which values emerge (see Du Bois, 
2007, p.173, cited in the above on p.10). ‘Stancetaking’, as it is called, is a 
form of expressing “relational (i.e. alignment), identificational (i.e. position-
ing) and, […] ideological orientation (i.e. the sociocultural field)” (Thurlow 
& Jaworski, 2011, p.11). These discursive moments particularly exert their 
normative effects through being unobtrusively contained in discussions 
and solidified through the constant repetition of patterns of photo sharing 
(this process is called structuration, see Du Bois, 2007, and the theory of 
structuration from Giddens, 1984, cited in the above on p.22). 
 
If conceived this way, sharing communities become complex social 
negotiation systems where collective identity and values evolve (or 
emerge) from thousands of individual expressions (Garduno, 2010). The 
underlying paradigm is that many single contributions lead to a common 
view of the world. This view can be seen as a form of ‘cultural heritage’ 
(Affleck, 2007). While this paradigm is popular in current research, there 
are researchers who express concerns. Van Dijck (2011) explains that 
there is a limitation to the complexity of values and meanings that can 
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emerge from these basic expressions. She notes that, “The sum of indi-
vidual camera shoots has nothing to do with the ‘experiences’ of people 
taking these pictures” (Van Dijck, 2011, p.408). Hoskins (2009, cited in Van 
Dijck, 2011, p.402) suggests that online discussions create a new form of 
‘connective’ memory that is a mixed result from individual, collective, pri-
vate and public, past and present experiences. On this basis, Van Dijck 
argues that more attention must be paid to the interfaces of photo sharing 
sites, as these “actively construct connections between perspectives, ex-
periences and memories” (see the above, p.402). As an example, consider 
the front pages of such websites. Often, some photos are prominently 
exhibited and are therefore the focus of intensive discussions. This mech-
anism will amplify further attention, which may lead to overstating the im-
portance of a photo, from a researcher’s perspective. Van Dijck’s conclu-
sion is that interfaces have a greater impact on emerging collective view-
points and values than currently is assumed. 
 
To summarize the discussion above, it may be stated that the infer-
ences in sharing photographs are less understood than those resulting 
from the practice of taking photos. Therefore, it is difficult to accurately 
identify relationships based on photos that are shared online and the per-
ception, values and meanings that are connected to the actual viewing of 
places. Clearly, some of the motivations for sharing photographs are re-
lated to the visually perceived environment (e.g. expression of environ-
mental views, sharing of key moments, sharing common ground). Another 
part of the discourse around photos moves away or is even separated from 
the perception or the actual experiences related to the creation of the 
photo. As noted earlier (section 1.3.3.2), some of the information submit-
ted alongside photos is not tied strong enough with the perceived space 
to be appropriate for evaluating landscape perception. Equally problematic 
is the influence of interfaces, as these mediate and distort discussions in 
some yet unknown way. This renders a part of the metrics attached to 
online photographs such as view counters, number of comments or a pho-
tograph’s upload date, vulnerable to misinterpretation. On the other hand, 
it is important to note that the simple sharing of photographs does not 
remove the photographer’s original intentions for creating them. 
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1.3.4.3. Describing and tagging photos: Forms of attributing 
meaning 
A discussion that was omitted in the previous section is the practice 
of tagging and describing photographs. This optional act, subsequent or 
concurrent to the sharing of photos, is used by photographers (and occa-
sionally by other Flickr users) to describe the important aspects of a picture 
for purposes of self-organization and communication (Hollenstein & 
Purves, 2010; Ames & Naaman, 2007). The position that is held herein 
(and will be argued for in the following) is that these annotations are suit-
able for fetching back some of the characteristics perceived in-situ - that 
is, the experience or perception which accompanied the creation of pho-
tographs. 
Typical methods for annotating photographs are the adding of titles, 
descriptions and tags (Hanbury, 2008). Usually, titles and descriptions 
represent free text annotations that are used to convey a photo’s 
wider context and meaning (e.g. identifying people, objects, events, loca-
tions etc.; see Stvilia & Jörgensen, 2010). Tags are a list of words encom-
passing not only physically visual elements but also conceptualized infor-
mation of the environment (see Crandall, Backstrom, Huttenlocher, & 
Kleinberg, 2009). Tagging and describing photographs involves several 
mental processes. Contrary to direct perception, annotations are assigned 
at a later time, based on the photo and the photographer’s memory of the 
scene (Adkins & Nasarczyk, 2009). Describing and tagging photographs is 
optional. A photographer choses which photographs to add annotations to 
(Stvilia & Jörgensen, 2010).  
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Fig. 13. Example photo with total available tags (a), including those of only private rele-
vancy, and the selection of tags (b) relevant for describing visible aspects of the photo 
(originally appeared in Dunkel, 2015, p.5) 
An example of a typical tagging situation is illustrated in Figure 13. 
Several aspects are obvious in the example. Firstly, only a small percent-
age of the provided tags relate to visible aspects of the photo. There are 
some idiosyncratic terms that appear to be of only personal relevancy 
(such as ‘p1f1’ or ‘explore20’). Perhaps other Flickr users have added 
these tags. A number of the tags represent hierarchically structured place 
descriptions (e.g. ‘california’, ‘sanfranciscobay’, and ‘goldengatefields’). 
Also, some of the tags are very closely related or even synonymous (e.g. 
’albanyca’ and ‘albany’, or ‘ocean’ and ‘sea’). Even if tags relate to poten-
tially visible elements, in the example, they appear to be used to describe 
associated aspects (e.g. “sunglasses” in Fig. 13). There are terms of high 
specificity, conveying information that may be meaningful only to a partic-
ular group of people (e.g. ‘hdr’, which is an abbreviation for high dynamic 
range, used among photographers to describe a photo technique for cap-
turing a higher luminosity range). Some of the meanings of tags (e.g. 
‘gonewiththewind’) cannot be understood without acquiring more infor-
mation. Sometimes, for example, this information may be contained in the 
wider context of the photo such as the albums it is added to, if it is part of 
a sequence, or if the photographer has taken similar photos. At other 
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times, we can only guess. The tag ‘trilogy’, for example, appears to be an 
analogy made for the three wooden poles standing in the water. In this 
context, wooden is not given as a tag, but may be associated based on 
the outline, shape and the supposed function of the poles visible in the 
photo. 
 
Such characteristics of tagging behavior (as well the characteristics of 
tag interpretation) have been extensively studied (Peesapati, Wang, & 
Cosley, 2010; Glushko, Maglio, Matlock, & Barsalou, 2008; Nov, Naaman, 
& Ye, 2008). Central to both adding and interpreting tags is the process of 
sense making, as notes by several authors (Golder, & Huberman, 2006, 
p.3; Stvilia & Jörgensen, 2010). Sense making is the basic means by which 
humans communicate. The associated methodology of sense making was 
first described by Dervin (1983). Dervin’s primary concern was to under-
stand human culture and the variety of existing personalities and values as 
intra-personal, interpersonal, mass, cross-cultural, societal or inter-national 
differences in communication (Dervin, 1983, p.1). These differences are 
reflected in the way people make sense of their world and the way they 
communicate those meanings to others (Derwin, 1998; Agarwal, 2012). 
Here, difference is defined as the information gap or loss that occurs when 
meaning is shared between two or more people, or between a single hu-
man at different times (Dervin, 1998, p.36). Importantly, differences, such 
as communication failures, are not seen as negative polarities that need to 
be resolved, but as important outcomes of the fact “that people see the 
world differently” (Dervin, cited in Agarwal, 2012, p.3). Therefore, sense 
making is the means by which “humans construct ‘bridges’ over a ‘gap’-
filled reality.” (Agarwal, 2012, p.9). These bridges in turn define the ideas, 
cognitions, thoughts, attitudes, beliefs, values, feelings, emotions, intui-
tions, memories, stories and narratives of humans (see the above, p.1). 
 
Particularly the tagging of photographs, more so than the practice of 
adding titles or descriptions, reflects this bridging quality of human com-
munication. On the one hand, someone who tags is concerned with 
providing an accurate and specific description of the important contents of 
a photo and on the personal context of its creation (Stvilia & Jörgensen, 
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2010, p.2485). Furthermore, conveying meaning, so that it can be under-
stood and correctly interpreted by others, requires a certain fuzziness of 
information (Golder, & Huberman, 2006, p.3). Both are possible with the 
use of tags. For instance, for the tags shown in Fig. 13, some people may 
not be aware of the fact that ‘albany’ refers to a city as well as to a little 
peninsula (called Albany Bulb) in the northern part of the San Francisco 
Bay. For this reason, the photographer added other tags that provide sim-
ilar (albeit more general) spatial information to viewers not familiar with 
the subject (e.g. ‘california’, ‘sanfranciscobay’). This general information 
may still be sufficient to the majority to appreciate the wider context of 
the photo. 
 
The occurrence of related tags reflects the cognitive aspect of hierar-
chy and categorization immanent to human perception. Golder & Huber-
man (2006) state “different people consider terms at different levels of 
specificity to be most useful or appropriate for describing the item in ques-
tion” (p.2). It is concluded that this specificity varies systematically across 
individuals, depending on the individual’s domain of expertise (see also 
Stvilia & Jörgensen, 2010). For example, consider a landscape architect 
tagging a photo of a tree. He or she is more likely to use more specific 
terms, such as the exact species or the tree’s Latin name, because such 
specificity is important in the lives of landscape architects. In contrast, the 
average layperson may just describe the genus (or simply tag tree), as he 
or she has no need to differentiate between a horse chestnut, a sweet 
chestnut and a bottlebrush buckeye, for instance. Nevertheless, when 
communicating with others, a landscape architect may make use of a con-
tinuum of tags, ranging from specific to general terms, to convey meaning 
across these interpersonal ‘gaps’. Therefore, a possible conclusion could 
be that varieties in utilization of tags are grounded in differences and com-
monalities of perception and experience (Steels, 2006, p.97). 
 
Steels (2006) notes “One would think that the freedom implied by 
open-ended tags would lead to complete chaos or a totally unusable sys-
tem, but that is not the case” (p.95). Interestingly, many authors found 
that there are reoccurring patterns emerging from the repetitive utilization 
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of tags (Stvilia & Jörgensen, 2010; Cattuto, Loreto, & Pietronero, 2007; 
Golder & Huberman, 2006). Steels describes these patterns as the ‘collec-
tive consensus’ that arises from the “cognitive mechanisms and history 
that users bring to bear on collaborative tagging” (p.96). This consensus is 
similarly important for reading and interpreting tags. By the simple co-oc-
currence of tags, meaning emerges from associated concepts that reso-
nate with the observers’ own associative semantic networks (Steels, 
2006, p.96). If we accept these characteristics, there is no right or wrong 
in tagging photos. Even uncommon words or unique descriptors may, 
from the user’s perspective, relate to (personally) relevant aspects of the 
photo and the memorized scene. Specifically because of this undirected 
nature, tags can function as artifacts of the user’s personal conceptualiza-
tion and abstraction of the world. 
1.3.5 Considerations for measuring and weighting data  
In previous sections, the relationship between photographing and per-
ception was examined from a single-person perspective. However, if more 
than one individual is involved, information must be synthesized. In order 
to reach a consensus, multi-resource environmental decision-making pro-
cesses almost always depend on some kind of aggregation of data or the 
negotiation of different viewpoints through discussion (Mendoza & Mar-
tins, 2006). Not surprisingly, when more than a handful of people are in-
volved, computer-assisted aggregation and visualization software is found 
to be important to reduce the burden of laborious discussion processes 
(Bell, 2001). For the analyst, this entails the burden of choosing or design-
ing methods and procedures for measuring and weighting data. Visualiza-
tions polarize because they anticipate decisions while rejecting others. 
Thus, visualizations directly influence decision-making processes (Kim, 
2015). Consequently, developing techniques for visualizing data requires 
the definition of underlying principles and guidelines. At the same time, 
some fundamental questions of planning must be addressed. For exam-
ple, do we treat tourists and locals equal when planning and developing 
the landscape? Whose opinion is most important – the people who fre-
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quently visit a place or those who invest a lot of time participating in deci-
sion-making processes to express views and opinions? How do we deal 
with the manifold, often opposing, demands put on the resource ‘land-
scape’, particularly when the perceived landscape is at stake? 
 Equity and equality 
There is no easy answer to these questions, and a final decision has 
to be made in each planning context. However, it is possible to formulate 
some general considerations for processing and visualizing data based on 
the wider principles that apply to decision-making processes and visual 
resource management. Two of the highest distribution principles in to-
day’s democratic systems are equity and equality (Talen, 1998; Mannix, 
Neale, & Northcraft, 1995; Forst, 2002). Both principles apply to planning, 
but there is a fine difference between the two. Equality describes the cen-
tral idea that everyone should have equal rights, or an equal access to op-
portunities (i.e. to vote, to work etc.). Equality does not distinguish be-
tween individual people, everyone is treated similar, or is afforded the 
same right to be heard. The concept of equality is difficult to apply when 
the different needs of people are to be acknowledged. For example, giving 
everyone equidistant access to kindergartens is not useful when the pop-
ulation’s age distribution is considered. Not every district in a city has a 
similar need for kindergartens. This means even an unequal distribution of 
services can be found equitable if the distribution leads to a fair treatment 
of individuals, based on their respective circumstances (Talen, 1998; see 
also the rule of ‘unequal treatment of unequals’, Lucy, 1981, p.449).  
 
Therefore, equity is a more comprehensive principle, which embraces 
the idea of equality (Lucy, 1981). In the context of resource management, 
equity is sometimes referred to as ‘distributional equity’ (Talen, 1998, 
p.24), ‘distributive justice’ (Forst, 2002, p.57) or as ‘relative need’ (Talen, 
1998; Mannix, Neale, & Northcraft, 1995, p.277). Particularly those socie-
ties where the personal development of individuals is seen to be of high 
importance use allocation rules that are based on the relative need of 
groups or sub-groups of people (Mannix, Neale, & Northcraft, 1995, p.277). 
It is generally accepted that universal equity is unattainable (see Arrow’s 
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impossibility theorem, cited in Talen, 1998, p.24). The reason is that equity, 
in comparison to equality, is more difficult to implement. Firstly, an imple-
mentation of equity requires the analysis of spatially, as well as temporally, 
varying distributions of preferences, activities and demands of the popula-
tion. Secondly, what is equitable to one group may be seen as inequitable 
to another (Talen, 1998). This presents a great challenge, particularly to 
visual resource management. Landscape perception analysis deals with 
the difficulty of finding a consensus, sometimes among hundreds or thou-
sands of different views or preferences. The environmental psychologist 
Stephen Kaplan formulated the underlying issue as follows. 
 
There are many who feel that preference judgments are 
bound to be arbitrary, idiosyncratic at best, and perhaps even 
random. […] Hidden in this fear is a profound irony. It implies 
that there is no basic consistency, no underlying pattern char-
acteristic of preference judgments. Without such an underlying 
basis, however, aesthetics becomes trivialized. If aesthetics is 
not an expression of some basic and underlying aspect of the 
human mind, then it is hard to see why it is of more than pass-
ing significance. (Kaplan, 1979, p.242) 
 Identifying patterns 
Of course, and as Kaplan argues in the following, these underlying pat-
terns exist. In the previous sections, several of the patterns associated 
with human perception and photographing were discussed. Results from 
a number of different studies and from a variety of disciplines provide fur-
ther evidence (see introduction on visual perception, section 1.1; for a syn-
thesis see Bell, 2012). In planning, finding patterns among human beings’ 
understandings and experiences offers a solution to an impossible, ac-
counting for diversity of individual preferences and views. However, as 
Talen (1998) points out, visualizations of such patterns “do not yield defin-
itive answers; they expose relationships and guide the investigator to 
probe further correlations” (p.26). Therefore, visualizations must be de-
signed in a way that supports the investigative and interactive character of 
decision-making processes. There are several ways this can be achieved. 
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Firstly, visualizing patterns is only one step in the larger context of the 
knowledge discovery process. In this process, a planner’s input is not nec-
essarily mandatory. Filtering, aggregating and visualizing data can be de-
signed to function autonomously. Without any guidance, however, the ex-
tracted patterns may be of only limited interest to the planner. For this 
reason, the schematic illustration of the approach presented earlier (sec-
tion 1.3.2) has been modified to reflect contextual input and recursive in-
teraction (Fig. 14). 
 
Fig. 14: Modified information flow diagram for incorporating contextual planning input 
and iterative processing. 
The first step, which encompasses selection and filtering of data, de-
pends on the respective planning context and the planner’s input. It is not 
possible to define universal rules for filtering data. The quality of 
knowledge gained from final results largely depends on the amount of en-
ergy, knowledge and creativity a planner is willing to invest in this step 
(see also Kantardzic, 2011). As a support, utilization of a broad range of 
criteria for filtering and selecting data is demonstrated in Part II of this work 
(section 2.2.3). In contrast to this manual process, the second and third 
step of aggregating and visualizing information should be designed modu-
larly, with each step utilizing a number of, more or less shared, autono-
mously functioning tools and methods. For designing tools and methods, 
the following rules and principles apply. 
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 Considerations for aggregating data 
The discussion in section 1.3.4 provides strong evidence that aggre-
gation of photo data should focus on context and not content. This is per-
haps particularly true when the goal of analysis is to study the experiences 
and perceptions of the people who take photographs, and not what con-
tents an algorithm is able to identify in a photo. An analytical matrix struc-
ture for studying the ‘expressional content’ of photographs was developed 
by Panofsky and Shatford (cited in Westman, 2009, p.64). The presented 
matrix is intended to be applied primarily in image indexing and searching. 
Thus, only a small number of analytical aspects of the matrix are of im-
portance for this work. Importantly, the matrix suggests that there are four 
facets for classifying content: who, what, when and where. The combina-
tion of these facets provides a wide array of indexing possibilities. In this 
work, facets are used as a base to classify the context of photographs or, 
in other words, the perceptions and experiences of the photographers. 
 
Finding commonalities for each of these facets among different pho-
tographs can be a means for measuring values and meaning. Importantly, 
the dimensional measure of value and meaning is relative to a specific 
context. This is in accordance with the earlier discussed concept of equity 
and the relative need of individuals. The more similarities exist between 
different contexts of photographing, the closer are dimensions of ex-
pressed values and meaning. Due to the complexity of perception, a total 
value is not a measurable attribute. Instead, relative perceptual importance 
can be studied by comparing data from similar contexts.  
 
For example, consider the analysis of a viewing platform. A first step 
would be to measure who takes photographs, what is referenced in those 
photographs, when are photographs primarily taken, and where photo-
graphs are located on the platform. The absolute measurement of these 
facets is not necessarily a meaningful attribute. Whether there are 500 
photos available (or 1000 etc.) says nothing about the importance of the 
viewing platform. However, when numbers for different viewing platforms 
are compared (similarity of context), a relative change in photo frequency 
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could be a means to quantify importance (e.g. ‘1.5 times more photos’ 
etc.). In other words, if one viewing platform features twice as many pho-
tos, it may be regarded as an indication for a higher degree of perceived 
relevance.  
 
Importantly, comparability is only justified to the extent that two 
places feature a relative similarity. As an example, consider a viewing plat-
form in Asia and a viewing platform in a rural area of Scotland. Comparing 
frequency of photographs for both platforms is problematic because the 
composition of visiting photographers is different. Asian photographers 
are perhaps more likely to share a larger number of photographs compared 
to photographers from Scotland (see evidence for cultural differences in 
photo contribution patterns in research from Popescu & Grefenstette, 
2010). In other words, using photographs as a base measurement for per-
ceived value depends to some degree on the presence of similar behavior 
patterns (or habits) of photographers; therefore, comparisons across dif-
ferent cultures are likely to prove problematic. On such larger scales, it is 
therefore suggested that overall importance should be measured by the 
degree of cultural diversity. For example, if one viewing platform appears 
to attract people from many different cultures, the perceived importance 
of this viewing platform (i.e. its value) is perhaps higher because the diver-
sity of origin reflects an intersubjective convention that crosses cultural 
boundaries. 
 
This model provides a basis for aggregating photographs. Based on 
the relationships described in the previous chapter, the following assump-
tions can be made: 
• Photo locations located near each other are more likely to re-
flect similarity of context than photographs located farther 
apart (Where: location). 
• Photographs taken at similar times (e.g. month, day of month, 
time of day etc.) are likely to reflect contextual similarity than 
photographs taken at different times (When: time). 
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• The contexts of photographs from people with similar cultural 
background and origin are more likely to correlate with each 
other, compared with those from culturally diverse groups 
(Who: origin). 
• The more similarities exist in tags applied to photographs, the 
closer related contexts of photographs could be assumed 
(What: tags). 
 
These assumptions must be studied from a contextual standpoint. For 
example, photographs may reflect very different perceptual contexts even 
if located close to each other. Consider, for instance, photographs taken 
in a city park and an adjacent rooftop-viewing platform. The two locations 
are likely to show a high degree of variance in perceived contexts com-
pared to photographs taken on two rooftop-viewing platforms. Equally and 
obviously, two viewing platforms located in the same city, for instance, 
would be more likely to show a similar context than viewing platforms 
located in two different cities. 
 
For aggregating data, these considerations have a number of implica-
tions. Spatial contexts highly differ in scale and distribution. For example, 
cities generally reflect a higher degree of difference in contexts located 
close to each other. Conversely, rural areas or parks may show contextual 
similarity for comparatively large areas. As Zappavigna (2012) points out, it 
is important to “avoid imposing a predetermined structure or hierarchy of 
organization on the patterns that become visible” (p.13). For the aggrega-
tion of tags, Smith (2008) emphasizes that even similar-looking tags may 
reflect very different intentions of the author. As a last example, consider 
the tags ‘tree’ and ‘trees’. Albeit looking similar, both tags may reflect a 
relatively large difference in what is meant by the photographer. In the 
former case, ‘tree’ is perhaps used as a reference to an imposing single 
tree of exposed position. The latter may symbolize attribution of meaning 
for a specific group of trees, or describe a forest of trees. Even if a tree 
and a group of trees are closely located, it is unlikely that two photogra-
phers would refer to the same perceptual context when using tree and 
Conceptual approach - 76 
 
trees. According to Smith (2008), treating these tags as synonyms would 
mean ignoring their ‘socio-semantic differences’ (p.15). In a slightly differ-
ent context, Van Dijck (2011) described the aggregation of data resulting 
from unequal contexts as the ‘cross-model experiences’ fallacy (p.408). 
 
1.3.6 Conclusions 
The following two key findings can be summarized from the previous 
discussion. Photo data is created in two separate steps: the content-crea-
tion process (taking photos) and the contribution process (sharing photos 
and adding information). First, taking a photo of something requires an ac-
tive decision. Lynch proposed "[...] the generalized mental picture of the 
exterior physical world that is held by an individual [...] is the product both 
of immediate sensation and of the memory of past experience, and it is 
used to interpret information and to guide action" (Lynch, 1960, p. 4). In 
summary of the findings from Collier (1967), Sontag (1977) and others (Da-
kin, 2003; Scott, & Canter, 1997), the action of taking a photo is recognized 
as not only being triggered by the immediate environment, but by all as-
pects of cognition: personal preferences, memories, opinions and more. 
Here, the need of being in-situ for creating spatial content (i.e. taking a 
photo) is crucial. As a result, the photograph that someone takes of a 
place, and the photographs they choose to upload, may both reflect, in 
some way, their perceptions of the place. 
 
Second, the subsequent, optional act of tagging photos is used by 
photographers (and occasionally by other Flickr users) to describe the im-
portant aspects of a picture for purposes of self-organization and commu-
nication. Tags do not only encompass physically visual elements but also 
conceptualized information of the environment. Tagging involves several 
mental processes. Contrary to direct perception, tags are assigned at a 
later time, based on the photo itself and the photographer’s memory of 
the scene. Even if tags relate to potentially visible elements, they may also 
describe associated aspects that are not visible in the photo. This means, 
there is no right or wrong in tagging photos; even uncommon words or 
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unique descriptors may, from the user’s perspective, relate to (personally) 
relevant aspects of the photo and the memorized scene. Specifically be-
cause of this undirected nature, tags can function as artifacts of the user’s 
personal conceptualization and abstraction of the world. 
 
The conclusions relevant to the analysis in Part II of this work are the 
following. If multiple people take photographs at a location, the photo-
graphs might be linked to a specific visible or associated characteristic (or 
absence of characteristics) that initiates the same decision process for that 
place or area. The more people that follow this pattern, the more signifi-
cant the underlying characteristic might be. The same applies to tags as 
semantic descriptors of the abstracted, memorized scene. Repeatedly 
used tags in an area may relate to similar perceptual or cognitive processes 
triggered in groups or sub-groups of people by the environment. Thus, it 
can be said that graphics generated from crowdsourced photo content vis-
ualize perception and cognition-based decision processes. An important 
characteristic follows: there is no known dimension that can be assigned 
directly to values. Therefore, it is of higher importance to visualize relative 
meaning rather than absolute numbers. 
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II. Part II: Application example – Flickr photo analysis and evaluation of re-
sults 
2.1 Software architecture 
Albeit a significant amount of time was invested in developing the 
software that is used herein, only a brief description of the software archi-
tecture is given within this section. The key steps for retrieving, processing 
and visualizing data are more precisely portrayed in sections 2.2 (Materials 
and methods) and 2.3 (Techniques for visualizing data). Instead of describ-
ing algorithms and programs in a detailed fashion, it was decided to publish 
developed software online under a Creative Commons license: CC BY-NC-
SA 4.0 (this is a non-commercial license, in accordance with Flickr’s terms 
of use). Alongside the software, as a means to guide application of pro-
grams, 42 pages of workshop material are provided (see App. I). Conse-
quently, the work herein focuses on conceptually describing each of the 
steps involved in processing and visualizing data. In this way, information 
is not limited to a specific software or platform. 
 
Fig. 15: Schematic overview of developed software and assigned steps of processing 
data. 
The most relevant parts of software architecture encompass three 
toolkits (Fig. 15). The functionality of toolkits can be assigned to four 
stages: data retrieval, quantity analysis, spatial analysis and visualization 
(although some functionality overlaps). In general, the utilization of exist-
ing, conventional software was preferred over creating new software. 
However, due to the amount of data, all steps needed to be automated. 
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This automation was implemented by using several programming lan-
guages, depending on the investigated part of the process. 
 
Fig. 16: GetGeo toolkit interface for initial data retrieval, basic filtering and visualization. 
GetGeo, the first toolkit (Fig. 16), was designed for retrieving data and 
basic, initial filtering of information (e.g. by study area, time span, etc.). 
Many of the functionalities implemented in GetGeo were designed to by-
pass data limitations of available software. For instance, the retrieval of 
data was implemented using Quadtrees (Fig. 16/1). Quadtree processing 
refers to a technique for recursively sub-dividing an area into four equal 
tiles until a specified density is reached (see also Moxley, Kleban, Jiejun, 
& Manjunath, 2009, p.1453). When calling the Flickr API this way, it is pos-
sible to retrieve all available georeferenced photos for a certain location. 
The maximum density per tile was set to 250 photos. This means, an area 
with 100,000 photos (for instance) is divided and retrieved in roughly 400 
single increments (or chunks). The limitation of 250 photos per increment 
4 
1 
2 
3 
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is necessary to prevent the Flickr API from returning duplicate results. 
With an approximate 0.1 to 0.3 queries per second (depending on the 
Flickr server load), a retrieval of 100,000 photo locations with attached 
metadata takes about one hour to finish. 
 
Additional functions were implemented in GetGeo as needed. For ex-
ample, the tool manages a local database to prevent unnecessary dupli-
cate calls to the Flickr API (Fig. 16/2). User location information can be op-
tionally retrieved, and is stored in a separate database. This is important to 
facilitate the process of mapping user origin data. Otherwise, a repetitive 
call to the API would be necessary for each user. The initial retrieval of 1 
million user locations took about 3 months to finish (about 0.2 queries per 
second). In a subsequent step, this information was geocoded (i.e. the 
conversion of information to coordinates). This functionality was imple-
mented using the Bing Maps API. In this context, other research suggests 
using Wikipedia redirects for geocoding user origins (Popescu & Grefen-
stette, 2010). This technique was found not useful for application in this 
work because of the variety of languages that exist on a global scale. For 
example, the location ‘Αθήνα  – Ηράκλει ο’, used by someone on Flickr, is 
Modern Greek and means ‘Athens – Heraklion’. The Bing API accurately 
(and automatically) detects such specifics in language before geocoding 
entries. Finally, a third database stores successful geocodes to prevent 
time-consuming duplicate geocoding of addresses and locations. After a 
certain point (about 30,000 geocodes), it was observed that user locations 
and addresses frequently repeat. Thus, only few additional geocodes were 
subsequently necessary. 
 
Because the filtering of data for larger scales was restricted due to 
limitations of data handling in Microsoft Access and ArcGIS, basic filtering 
and visualization procedures were incorporated into GetGeo (Fig. 16/3 and 
4). This became particularly important as the local database grew in size. 
Both Microsoft Access and ESRI ArcGIS quickly reach data handling limi-
tations for photo location data beyond two million entries. GetGeo utilizes 
a modified Raycasting algorithm and direct, low-level binary data access 
for fast clipping and basic visualizing of photo locations (for original code 
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development of point-in-polygon test see Finley & Mullen, 2007; for an 
explanation of the visualization algorithm see Dunkel, 2015b). This way, it 
was possible to reduce the mapping of about 150 million photo locations 
to about 5 minutes on a portable computer (see, for instance, the resulting 
world map of photo locations, section 2.2.2). A similar amount of time is 
needed for the filtering of data. The extraction of photo data from the da-
tabase can be delimited by several criteria. For instance, a shapefile may 
be loaded to clip data to a specific boundary, or time constraints may be 
applied to extract data for a specific period of time. Another option is to 
specify tags or combinations of tags to filter specific thematic imagery. 
Another function that was implemented is the direct viewing of photos for 
an area. Based on a photo’s view counts, the investigator can preview 
available imagery in descending order. However, this function was found 
to be of only limited usefulness for viewing relevant images, because view 
counts are influenced by several biasing effects of the interface (see sec-
tion 1.3.4.2). 
 
Once data is retrieved or extracted from the database, it is imported 
into a managed database for quantity analysis and cleaning of data (Mi-
crosoft Access using MySQL, see Fig. 17). In this step, faulty data is re-
moved, tags are filtered against an optional stoplist, and data is converted 
to a format that is compatible to ESRI ArcGIS. The MySQL language that 
is accessible through Microsoft Access opens up an unlimited range of 
additional options for analyzing data. As examples, several additional inter-
face functions for investigating temporal characteristics are available (e.g. 
photos per month, per day, per year etc., see Fig. 17). 
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Fig. 17: Microsoft Access toolkit interface for filtering erroneous data based on stoplists, 
exporting data to ArcGIS and additional tools for temporal analysis of photo timestamps. 
The majority of spatial analyses (density of photos, spatial distribution 
of tags) are performed in ESRI ArcGIS. An ArcGIS toolset was created, 
consisting of 7 sub-tools. Tools utilize available options for automation 
such as the ArcGIS ModelBuilder or the Python programming language. 
The central clustering of tag locations, as implemented using the Model-
Builder, is illustrated in Figure 18 (see also section 2.2.4 for a detailed de-
scription of the process). Other tools were designed in a similar vein. 
These tools are editable and combinable, which provides adaptability to 
the varying needs of application. Many of the pre-made functions and tools 
from ArcGIS are either directly incorporated in tools or optionally available 
for analysis and visualization. An example is the Getis-Ord GI-Star statistic, 
which is used for the visualization of statistical distributions (see section 
2.3.2.1). 
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Fig. 18: Model builder diagram for central clustering algorithm (originally appeared in Dun-
kel, 2015, p.6). 
Finally, visualizations are created using common functions for defining 
display rules and parameters (e.g. the Maplex Render Engine for label pri-
ority ranking, Python and VB for calculation of final font sizes). Additional 
information, such as roads and buildings from OpenStreetMap or elevation 
information from the U.S. Geological Survey, is optionally retrieved and 
placed in the background as a simple reference. An online mapping inter-
face and service was created for interactively exploring maps (Dunkel, 
2016). This solution became particularly vital as mapped density of infor-
mation exceeded the limits of standard paper-sized and fixed display for-
mats. In addition, interactive exploration was found to be more in accord-
ance with the procedural nature of analysis that is needed for studying the 
hierarchical structure of this type of data (see section 1.3.5). 
 
The development of software is seen as an ongoing process. Whereas 
standalone software, such as the VB.Net toolkit GetGeo, requires contin-
uous effort for compatibility testing in regard to different user systems and 
platforms, piggyback software, such as the Microsoft Access interface and 
ArcGIS Toolbox, require repetitive revisions each time new versions of the 
underlying base software appear. For example, Microsoft discontinued the 
dbf-export functionality in Access 2013. As a result, tools in ArcGIS needed 
to be revised to incorporate other data formats. The software architecture 
presented here was tested in three workshops. The results of these work-
shops, in regard to applicability and user friendliness of software, are dis-
cussed in section 3.4. 
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2.2 Materials and methods 
2.2.1 Data retrieval, initial data structure and overall quantification 
Data is retrieved in three steps (Fig. 19). Two of these steps are op-
tional, depending on the type of investigation that is to be carried out. The 
first (mandatory) step is the retrieval of photo locations and attached 
metadata. Two conventions were used to initially restrict retrieval of data. 
Firstly, if not otherwise specified, the queried data was limited to photos 
created between 2007 and 2015 (photo upload date). Secondly, only photo 
location data with the highest accuracy of location information (‘street level 
accuracy’, see Girardin et al., 2008) was retrieved. The decision for choos-
ing 2007 as the lower limit is connected to Flickr’s introduction of ad-
vanced georeferencing functionality by the end of 2006. Since then, loca-
tion information (when available) was automatically read from a photo’s 
EXIF data. If a user manually adds photos to the map, the location accuracy 
is saved based on the user’s current zoom level. Both conventions guar-
antee the highest possible accuracy for retrieved spatial references. 
 
Fig. 19: Overview of data retrieval and resulting datasets. For each dataset, only utilized 
information is listed. Datasets are ordered chronologically (i.e. 1, 2, 3) based on sequence 
of retrieval. Datasets with dashed outline are optionally retrieved. 
More data was retrieved than was eventually used to generate visuals. 
Table 2 contains an overview of total available data elements for the first 
dataset. The information consists of a photo’s coordinates (the geotag, i.e. 
latitude/longitude), a specific time (time of photo-taking and upload time), 
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the user’s name and ID (a unique identifier from Flickr), and further attach-
ments such as user-added semantics (the metadata, e.g. title, tags, de-
scriptions). Of these attributes, only four sets of information (highlighted 
in blue in Tab. 2) are needed to create the visualizations shown in the fol-
lowing. Despite this fact, the availability of additional contextual infor-
mation provides an opportunity for further investigation of specific ques-
tions. For example, while titles and descriptions are not used in the major-
ity of examples in the following, they may serve as supplementary data for 
studying specific questions (as is shown, for instance, in the implementa-
tion example in section 2.5). Importantly, the photograph itself is neither 
retrieved nor systematically evaluated. If necessary, photos can be manu-
ally reached using the attached URL (a weblink to the photo on Flickr). 
Photo data Description 
Latitude and Longitude 
Location of the photo (the geotag), either assigned 
automatically in-camera by GPS or Network Tower 
Triangulation, or manually by the owner 
Title Title of the photo, assigned by the owner (optional) 
Description Description of the photo, assigned by the owner (optional) 
URL A weblink to the photo on Flickr 
Owner/ User ID User name (owner of the photo) and the respective User-
ID (assigned by Flickr) 
Date Taken 
Timestamp, date and time a photo was taken, typically 
automatically assigned in-camera, sometimes corrected by 
Flickr 
Upload Time Date and time a photo was uploaded to Flickr. 
Views Number of times a photo was viewed on Flickr  
Tags 
A list of words assigned by the owner, or (sometimes) by 
other users (optional), more recently supplemented by 
auto-tags from Flickr (as of 2015, the API still only returns 
user tags) 
Tab. 2: List of photo metadata retrieved from Flickr, only underlined entries were used 
for the analysis in this work. 
User data Description 
Real Name Name of the user (optional, provided by the user) 
Gender Gender of the user (optional, provided by the user) 
Location The current location provided by the user (optional) 
Description Short, personal description provided by the user (optional) 
DateFirstTaken The first date the user took a picture (based on photo 
timestamps) 
Photos Total number of photos uploaded by the user 
Views Summary for all photo views for the user 
Tab. 3: List of user information retrieved from Flickr, only the highlighted entry was used 
as supplementary information for this work. 
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Geocode data Description 
Geocoded name Converted user location information, based on systematic, 
hierarchical naming conventions 
Latitude and Longitude Geocoded coordinate of user location information 
Precision Precision (scale) of location information such as ‘address’, 
‘street’, ‘city’ etc. 
Match Code Matching probability submitted by Bing; either ‘Good’, 
‘Ambiguous’ or ‘UpHierarchy’ 
Tab. 4: List of location geocode information retrieved from Bing, only the highlighted en-
try was used as supplementary information for this work. 
In a second, optional step user profile information is retrieved. This 
data provides a means to classify users based on their origin. The Flickr 
API offers access to a number of attributes attached to a user’s public 
profile. Only the current location of users was finally used for classification 
(Tab. 3). Locations are optionally provided by the users, and only available 
in non-structured text form. As it is not possible to directly map or system-
atically analyze these, the information was geocoded (i.e. converted into 
pairs of latitude/longitude coordinates). The Bing Maps API was utilized for 
this step. The resulting structure of data is listed in Table 4. 
Dataset Measurement Σ 
1 
Number of photo locations 147 million 
Number of users 1.3 million 
Number of tags 882 million 
Number of distinct tags 17.1 million 
2 
Number of users 1.3 million 
Users with location 415,000 
3 Geocoded locations 408,000 
Tab. 5: Total numbers for retrieved data (2007-2015 and limited to ‘Street Level Accu-
racy’). 
A summary of retrieved data for all three datasets is given in Table 5. 
The photo location dataset consists of 147 million coordinate pairs with 
attached metadata. According to Cope (2015), a total number of about 300 
million georeferenced photographs is available on Flickr. This means that 
the data retrieved for this work represents about 49% of the total available 
georeferenced data on Flickr. This subset of data was created by about 1.3 
million users, which represent about 1.5% of all users on Flickr (see refer-
ences in section 1.3.3.1). Of this group of users, 32% (415,011) published 
location information on their public Flickr profile.  
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For about 7000 locations (1.7%), geocoding failed. This was either 
caused by non-machine-readable spelling of locations (for instance, one 
user added “BROOOOOOOOOKLYNNNN!!!!” as his/her location) or be-
cause of a mixture of multiple and not trivially separable locations (such as 
“Banská Štiavnica / Lodnon [sic], Slovakia / United Kingdom”). In some 
cases, the geocoding failed because the information did not refer to a spa-
tially identifiable location at all (e.g. “The Internet”). A discussion on accu-
racy is included, in a more detailed form, in section 2.4.2. Another 1866 
user IDs could not be retrieved. This may have either been caused by us-
ers themselves or Flickr deleting their accounts in between the time that 
passed from photo data retrieval to the retrieval of profile information. 
 
 
2.2.2 Global data bias 
 
Fig. 20: Sampling biases before data retrieval. 
Each of the datasets described in the previous section is characterized 
by several biases of information; this means some individuals are more 
likely to be included than others. For instance, not all people geotag their 
photos. Of overall 8 billion photos on Flickr, only 300 million (4%) contain 
geotags (see illustration, Fig. 20). An even smaller percentage of users 
provide location information with the highest accuracy (on average about 
49%, based on the data used herein). Only some users provide tags, titles, 
descriptions and so on. When measured on a daily basis (as of 2014), the 
analyses conducted in this work are based on only about 0.004% of the 
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total number of photos uploaded to the Internet (extrapolated). This per-
centage is even smaller when viewed in relation to all photos. For 2015, 
for instance, it is estimated that people take one trillion photographs 
(Schneider, 2014). It is safe to assume that the small fraction of data that 
is used herein is not universally representative. At best, the data can only 
represent the group of people it is obtained from. As a result, biases in 
taking and contributing photos online are likely to vary from one region to 
another, as well as from one participating user group to others. 
 
For instance, technically advanced users are perhaps more likely to 
utilize the GPS functionality, which is available to modern cameras and 
smartphones, to automatically geotag their content (see also discussion 
from Purves, Edwardes, & Wood, 2011). This reinforces further inclusion 
or accentuation of this group in this work. In addition, the availability or 
penetration of technology varies from one region to other regions. To 
name only one study, Wood et al. (2013) found that there is a positive 
correlation between higher mean country income levels and Flickr user 
origin counts. Certainly, this affects the sampling of individuals below the 
country level as well. Therefore, it seems difficult to define any global char-
acteristics for these patterns. Both the participating users and contribution 
patterns are unevenly spatially distributed and continually change over 
time. 
 
Due to these temporal and spatial sampling effects, accurate studies 
on participating user groups are both difficult to obtain and problematic to 
apply. A survey conducted in 2008 found that the majority of photogra-
phers on Flickr were between 21 and 40 years old (27 mean age), about 
44% of those were female and the most common occupation ranged from 
students to new media and technology jobs (Cox, Clough, & Marlow, 
2008). It is impossible to say whether these numbers are still meaningful 
to describe todays Flickr users. More meaningful and topical information 
can be obtained by directly observing patterns of the data. 
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Fig. 21: Global map of 147 M Flickr photo locations (2007-2015, limited to ‘Street Level 
Accuracy’). 
 
On a global level, a question that is of particular interest to planners is 
who is not represented by the Flickr data. The utilization of data collected 
online excludes all people who have no access to the Internet. Further-
more, Flickr is a commercially oriented service, originating from Silicon Val-
ley (California, USA). The design of the service and its origin attracts a spe-
cific socio-cultural group. This attraction operates in a similar fashion as 
the ‘inferences to space’, introduced by Antoniou et al. (2010) and dis-
cussed in chapter 1.3.3.2. As a result, a characteristic global distribution 
pattern of photo locations can be observed (Fig. 21). The mapping of 147 
million photographs shows obvious accumulations in Europe and Northern 
America. In contrast, vast areas of the world, such as Africa and Asia, are 
almost void of data (especially when population counts are considered). 
These photo contribution patterns affect analysis. Not all regions are 
equally well represented by the data and, therefore, analyses of different 
areas yield results that differ in detail and significance. For this reason, 
techniques for estimating quality and accuracy of data are presented in 
section 2.4.  
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Fig. 22: Global map of Flickr user origin, based on the one third of users (32%) that pro-
vided location information (408,070 of overall 1.3 M users). 
An obvious pattern emerges when global photo locations are com-
pared to the global distribution of user origins (Fig. 22). Some areas are 
underrepresented in the user location dataset and, conversely, overrepre-
sented in the photo location dataset (New Zealand, India, or parts of Af-
rica). For the Flickr dataset, this means that places, areas or regions are 
biased towards either visiting or local people. According to Hecht & Gergle 
(2010), “50 percent of Flickr users contribute local information on average, 
and over 45 percent of Flickr photos are local to the photographer” (p.229). 
In this context it seems important to add that a proximity to user origin 
may be observable more often in Europe or North America; whereas in 
Africa and Asia, data may be biased more often towards visiting people. 
Again, as only 32% of users give information on their current location, it is 
possible (and probable) that there is a certain sampling bias involved. In 
addition, error rates in the topicality of provided information or in the ge-
ocoding of locations may further limit conclusions (see 2.4.2). 
 
In summary, and based on the previous graphics, it seems possible to 
assert that the Flickr data, on a global level, has a tendency to be biased 
towards a particular view of the world. Perhaps this bias may be best de-
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scribed as a ‘lens’ that is western culture-centric. Importantly, this asser-
tion is not mutually exclusive. Flickr users are not the only ones with social 
norms, ethical values and political or religious beliefs related to a ‘western 
lifestyle’ (however this lifestyle is defined). The shown patterns allow no 
conclusions towards people or areas not represented in the dataset. In 
others words, it is difficult to make any judgments based on the absence 
of data. For example, it can be expected that the accentuation of coastlines 
(Fig. 21) is the result of a typical human behavioral trait to visit and live by 
the sea, and not unique to photographers on Flickr. Thus, underrepre-
sented coastlines are not necessarily of less overall popularity. They are 
just not visited by the group of people that contributed to the Flickr data. 
 
Fig. 23: Global map of Flickr photos from European users. 
Biases can be effectively reduced by restricting analysis to specific 
groups of photographers, based on similarities in terms of time, origin and 
location. For example, the photo location map for photographers from Eu-
rope reflects typical travel preferences for European users and is therefore 
more representative for this specific group (Fig. 23). Substantiating evi-
dence is provided by Popescu & Grefenstette (2010). The researchers 
gathered and analyzed contribution patterns from 5000 users from 6 dif-
ferent countries. The results showed that Americans uploaded the largest 
number of images, followed by British contributors. Italian and Spanish 
Materials and methods - 93 
 
users share the lowest volume of photos, which is roughly a third of the 
number of photos shared by Americans. Similar observations were made 
for tagging behavior. For Spanish photographers, for instance, the average 
size of vocabulary used to tag photographs is only half the size of the 
American photographers’ vocabulary. Popescu & Grefenstette (2010) as-
signed these biasing effects to the following three causes: the varying 
adoption speed in respect to Flickr proliferation in each country (1), the 
varying commitment to Flickr per country (2), and the culturally varying 
willingness to provide more detailed information of photographic experi-
ences (3). 
 
2.2.3 Basic techniques for filtering and classifying data 
2.2.3.1. Where: photo locations 
According to the Panofsky/Shatford facet matrix, who, what, where 
and when are the main facets to be considered when analyzing photo con-
tent (section 1.3.5). Not all of these facets appear to be of equal im-
portance. Perhaps where (location) is what the majority of planning tasks 
is concerned with from the outset. Each of these facets or combinations 
thereof allows extensive filtering and classification. Not all combinations 
are discussed here. Even the filtering and classification of information for 
one facet, such as location, is possible in many ways. For instance, a typi-
cal spatial classification scheme is to distinguish between urban and rural 
areas. Cities, due to their specific spatial characteristics, usually demand 
for actions that fundamentally differ from those required for rural areas. A 
planner could filter photo locations using a dataset for settled or unsettled 
areas. In a similar vein, a land use dataset may provide an option for filter-
ing and studying photo locations for specific land uses. These obvious fil-
tering techniques are not explicitly discussed here. 
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Fig. 24: Visualization of geotagged Flickr photos for Europe (top) and North America (bot-
tom).  
Sometimes, however, no prior criteria or rules for filtering locations 
exist. In these cases, the process of analysis itself guides the planner to 
probe further questions. In this procedural sequence, a planner is conse-
quently challenged with both recognizing interesting patterns and exclud-
ing unimportant information. This depends on two factors: the planner’s 
prior knowledge of the area and, to some degree, the ability to distinguish 
between typical and uncommon patterns. As an example, have a look at 
photo locations for Europe and North America (Fig. 24). In both maps, data 
peaks in urban areas as well as in highly frequented places (e.g. cities, 
coastlines), but is nearly absent in unfrequented rural areas. 
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Despite these obvious and not surprising similarities, several differ-
ences are visible. For the United States, a higher accumulation of photo-
graphs is observable along linear elements and in a few bright spots, 
whereas in Europe photo locations generally tend to be more dispersed. 
Two explanations for this phenomenon are likely. On the one hand, the 
spatial distribution and structure of the landscape and inhabited parts differ 
significantly between the USA and Europe. On the other hand, photo-
graphing habits, perhaps, differ slightly for each of these regions. In the 
United States, it is common to explore the vast landscape along major 
routes and highways, with explicit scenic bypasses, turn-outs and easily 
accessible vantage points. In contrast, in Germany, for instance, taking 
photographs along the autobahn or autobahn service areas is rather un-
common. 
 
Not all explanations for patterns are this apparent. If a pattern cannot 
be explained in a meaningful way, and if it appears important for the inves-
tigated context, further exploration is necessary. For this purpose, analysis 
of other facets and the analysis of relationships between facets can be 
employed, which allows for a more complex reasoning. 
2.2.3.2. Who: user origin 
User locations were found to be of primary importance for classifying 
photographers with regard to their cultural heritage. As mentioned earlier, 
it is not guaranteed that the current location available from the users’ pro-
files is always consistent with their actual places of origin, or if it is always 
up to date with the most current change of residence. Despite this fact, it 
can be seen as a strong indication if a person spent his or her time some-
where long enough to specify this place as his or her ‘current location’ on 
Flickr. Consequently, it is possible to conclude that there must be some 
degree of cultural connection between the person and the place specified. 
This provides a means to analyze bias of information and other sampling 
effects for different areas as well as the formation of cultural identities for 
different groups of people. 
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Fig. 25: Illustration of photo locations for the central Mediterranean Sea for three differ-
ent groups of Flickr users, originating from (a) France, (b) Germany and (c) Italy. 
As an example, photo locations for three different cultural user groups 
are mapped for the central Mediterranean Sea (Fig. 25). It is not surprising 
that Corsica, being a French island, is dominated by people originating 
from France. Similarly, Sardinia, an island belonging to Italy, is dominated 
by Italians. While Majorca belongs to Spain, the island is known as a major 
tourist destination for Germans. The photomap reflects this phenomenon. 
In addition, it seems possible to assign a certain rank order among the 
shown Mediterranean islands. French photographers seem to have a 
strong predisposition for visiting Corsica. Italians, albeit showing a strong 
preference for Sardinia, occasionally also make visits to Corsica. The Ger-
mans clearly prefer Majorca, followed by Corsica, with the least prefer-
ence for Sardinia. Importantly, the intent of these maps is not to confirm 
prejudices. Rather, the three islands offer a way to characterize and vali-
date data. If the shown patterns were at odds with what was to be ex-
pected, further investigation would have been necessary. On the contrary, 
these maps do not prove that user origin data is correct. The visualizations 
are merely an indication that there is a lesser chance for the provided user 
origins to be incorrect. 
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Fig. 26: Map of photo locations for central to southern Europe. A: All photos. B: Photos 
from photographers with origin set to Germany. Arrows mark the Camino de Santiago. 
A different example of user origin-based filtering is shown in Fig-
ure 26. While the mapping of all photo locations for Europe shows few 
linear structures, there is one that is strikingly visible in Spain (see arrow, 
Fig. 26a). It is logical to assume that anything visible on this scale must 
relate to something well known. The Camino de Santiago refers to a num-
ber of pilgrimage routes through Europe. In Spain, these routes merge into 
the main path leading to the shrine of the apostle St. James, in the Cathe-
dral of Santiago de Compostela. Consequently, Spain is where this path is 
most dominantly visible because people from different European countries 
increasingly merge towards their final destination. Once this conclusion is 
drawn, a planner could filter information based on specific user groups to 
extract further information. For example, when photographs from people 
local to Germany are mapped, two adjacent sub-routes through France be-
come visible (Fig. 26b). Vice versa, different results are to be expected if 
photos are filtered based on English or Italian origin. The prominent attrib-
ution of meaning to the Camino de Santiago is also possible to identify in 
other forms. For instance, the group ‘Camino de Santiago’ was founded 
as early as 2005, and comprises 1685 members with 23.7 thousand pho-
tos and 41 discussions (Flickr & contributors, 2015). 
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Fig. 27: Origin of photographers for the Greater Toronto Area (top) and for the State of 
Baden-Württemberg (bottom), grouped by state. 
Caution should be exercised when interpreting absolute numbers of 
user origin counts for different groups. In Figure 27, user origin counts are 
compared for two regions, the Greater Toronto Area in Canada and the 
State of Baden-Württemberg in Germany. For better legibility, scaling of y-
axis (i.e. bar height) is set to logarithmic. According to the illustration, pho-
tographers from the United States and United Kingdom would be the most 
prominent group of visitors for both the Greater Toronto Area and Baden-
Württemberg. Clearly, these numbers reflect a certain correlation towards 
the global distribution of Flickr user origin (see section 2.2.2). 
 
Verification of numbers through comparison with official statistics 
proves difficult. Firstly, it was not possible to obtain official surveys that 
reference the exact same areas with a similar accuracy of differentiation 
of origins and for comparable timespans. For Baden-Württemberg, for ex-
ample, Schierle (2013) reports that most visitors arrive from Switzerland, 
followed by visitors from Netherlands and France. Japanese and Chinese 
are said to be an important increasing group of visitors. However, the re-
port from Schierle is based on official numbers for 2012. It is further 
pointed out that there are considerable differences between numbers of 
tourists visiting cities and those visiting rural areas. In contrast, the photo 
analysis shows a Flickr average for total numbers and for the years 2007 
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to 2015. Despite these uncertainties, it seems possible to say that the UK 
and the United States appear to be overestimated in the Flickr data, 
whereas Japan and China (not among the listed) appear underestimated. 
A similar effect can be observed for the Greater Toronto Area. Here, a 
major group of visors is reported to arrive from the USA and China, fol-
lowed by the United Kingdom (Byers, 2015). At least for China, this domi-
nance is not visible when absolute numbers from Flickr are compared 
(Fig. 27). 
 
Fig. 28: Normalized origin ranking of photographers for the Greater Toronto Area (top) 
and for the State of Baden-Württemberg (bottom), grouped by state. 
It was tested to normalize user origin values based on global user 
origin counts for the Flickr data in relation to population counts. This nor-
malization was found to be of only limited usefulness. For the two exam-
ples, the normalized distribution is illustrated in Figure 28. While some of 
the earlier discussed discrepancies are solved, normalization has resulted 
in new ones. For example, the underestimation of Switzerland for Baden-
Württemberg or the underestimation of China for the Greater Toronto Area 
seem corrected. In contrast, the United Kingdom, which is reported as a 
main origin for visitors for the Greater Toronto Area, appears to be un-
derrepresented when normalized. Similarly, visitors from the USA appear 
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underrepresented for the State of Baden-Württemberg, whereas Taiwan 
visitor rates are perhaps overestimated.  
 
This indicates that countries characterized by both high visitor counts 
and a high presence in the Flickr dataset have a tendency to be overly 
down weighted when normalized. Vice versa, countries with low visitor 
counts and an overall low representation within the Flickr dataset tend to 
be overstated when normalized. This error may be the result of effects of 
sampling and variance. Researchers have shown that more sophisticated 
normalization techniques are able to largely reduce these effects (see, for 
example, Wood et al., 2013). For Baden-Württemberg and the Greater To-
ronto Area, the ‘true’ values may lie somewhere in between what is illus-
trated in Figure 27 and 28. In this context, a general difficulty is that tourist 
surveys of similar high classification accuracy, compared to the Flickr data, 
are often not available, especially if investigation is restricted to smaller 
scales and more distinct definition of boundaries. In the following, non-
normalized values are preferred over normalization of values, as biases are 
more easily identifiable from unaltered user origin counts. 
 
Tab. 6: Geocoding precision statistics from Bing Maps API for locations provided by us-
ers in the Greater Toronto Area (left) and Baden-Württemberg (right). 
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Finally, when visualizing user origins for specific scales (such as coun-
try level), it is important to emphasize that not all user origins are sampled. 
If the country of origin is studied (for instance), some users will be ex-
cluded because they specified a continent as their current location (e.g. 
Europe, North America etc.). Surprisingly, the distribution of location accu-
racy was observed to be relatively consistent for different areas. Table 6 
shows two lists of accuracies for user locations for the Greater Toronto 
Area and Baden-Württemberg. In both datasets, the larger majority of us-
ers provided location information on city/town scale precision (79% for the 
Greater Toronto Area and 77% for Baden-Württemberg). This also means 
that differentiating user origins becomes increasingly difficult towards 
smaller scales and is perhaps not possible below the city scale. Several 
solutions exist to increase accuracy of user location information (see for 
example Popescu & Grefenstette, 2010). An advanced discussion on ac-
curacy of user origins is included in section 2.4.2 (Accuracy of data). 
 
2.2.3.3. When: time of photo taking 
Not surprisingly, data availability is also highly time-dependent. For il-
lustration of temporal characteristics, an animation was created based on 
the number of photos taken each month from 2009 to 2011 in California 
(see still frame in Fig. 29 and digital media file, App. I). This form of visual-
ization allows interpretation of basic temporal characteristics. Urban areas 
are hot spots throughout the year, whereas other spots peak only during 
certain times a year. For example, Lake Tahoe is most clearly visible in 
winter, as it is a frequented winter sports destination. Conversely, Yosem-
ite Valley (highlighted in Fig. 29) is most often photographed in spring and 
summer, due to its scenic and natural attractions and varying seasonal ac-
cessibility. These temporal and spatial contribution patterns provide a 
means for classifying, understanding and confirming the underlying behav-
ioral and motivational factors of Flickr’s specific group of users. Several of 
the most commonly observed temporal patterns, and possible interpreta-
tions thereof, are briefly discussed in the following. 
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Fig. 29: Still frame from animation of the amount of photos taken between 2009 and 
2011 in California. Height of bars is calculated using Natural Breaks algorithm, which 
means super dense hot spots like Yosemite Valley (red) appear less dominant than they 
are whereas areas with a small amount of photos appear bigger (the referenced media 
file is included in App. I or available online, Dunkel, 2015). 
The identification of interesting patterns equals techniques employed 
for other facets of the data. In Figure 30, temporal analyses of user fre-
quencies are compared for two places, CN Tower in Toronto and the public 
park of Primrose Hill Summit in London. Through this comparison, several 
characteristics of both places become visible. CN Tower, in comparison to 
Primrose Hill Summit, is visited late into the night with a noticeable peak 
at 1 a.m. Apart from the peak at 1 a.m., this pattern is perhaps reasonable 
for a downtown place with restaurants and a rooftop viewing platform fea-
turing views from above the City of Toronto. In contrast, the graph for 
Primrose Hill Summit shows a more defined curvature with a clear peak 
at 4 p.m. This is what is to be expected for a city park with outdoor leisure 
activities increasing towards the late afternoon. There is a similar albeit 
smaller peak of photographers at around 1 a.m. Before investigating this 
abnormality, two other temporal distributions are examined, which pro-
vides additional information. 
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Fig. 30: Temporal statistics of hourly frequency of photographers at CN Tower (Toronto) 
and Primrose Hill Summit (London). 
 
Fig. 31: Temporal statistics of weekday frequency of photographers at CN Tower (To-
ronto) and Primrose Hill Summit (London). 
The bar chart illustrating user counts per weekday (Fig. 31) indicates 
that CN Tower, relative to Primrose Hill Summit, is disproportionately often 
frequented on Saturdays. An explanation could be that people prefer to 
make downtown visits and meet for dinner on Saturdays. Whereas on 
Sunday, people are more inclined to visit outdoor spaces, such as Primrose 
Hill, for enjoying outdoor leisure activities (because the work week usually 
begins on Monday). 
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Larger differences are visible when user-per-month numbers are com-
pared (Fig. 32). Primrose Hill Summit is relatively homogeneously visited 
throughout the year, with a slight (insignificant) peak in April and a more 
clearly defined low in December. In contrast, CN Tower shows a signifi-
cant increase in number of visits during the summer months, with a peak 
in August. It could be argued that the typically strong winters and cold 
temperatures of Canada lead to this pattern. August is also high season 
for tourists visiting Toronto. 78% of photographers at CN Tower are visi-
tors to the Greater Toronto Area (843 from 1081 total Flickr visitors with 
origin information). Vice versa, the total percentage of tourists for Primrose 
Hill Summit is only 40%. This means, comparatively, the famous park in 
London is more frequently visited by local people, whereas CN Tower 
shows a strong bias towards visiting tourists. Both results qualify as im-
portant findings for guiding planning decisions. 
 
Fig. 32: Temporal statistics of monthly frequency of photographers at CN Tower (To-
ronto) and Primrose Hill Summit (London). 
Finally, explaining the dominance of the first hour after midnight, ob-
served earlier in Figure 30, requires a different approach of investigation. 
It could be asserted that this pattern is the result of erroneous timestamp 
data. For instance, invalid camera settings or format conversion may have 
resulted in timestamps reverting to 00:00:00. But, this would also mean 
that Mondays should show an equal peak, as a camera’s default setting 
typically refers to the first day of the week. Paradoxically, this is not the 
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case (compare Fig. 31). In contrast, the analysis of user per day of month 
shows an obvious peak for both Primrose Hill Summit and CN Tower on 
the first day of month (Fig. 33). For CN Tower, a possible explanation could 
be that on August 1st in 2011, CN Tower opened the ‘Edge Walk’, “an 
amusement in which thrill-seekers can walk on and around the roof of the 
main pod of the tower at 356 m” (Wikipedia and contributors, 2015). An-
other explanation could be that July 1st is Canada Day, which is an im-
portant national holiday in Canada. Several other important dates are likely 
to equally fall on the first day of a month. While this explanation initially 
appears to be plausible, it is not fully accounting for the similarity between 
patterns for CN Tower and Primrose Hill Summit in London (Fig. 33). 
 
Fig. 33: Temporal statistics for frequency of users with of photographs at CN Tower (To-
ronto) and Primrose Hill Summit (London). 
Further examination of this conspicuousness can be performed by 
manually looking at some of the photos taken at this time, or study tags 
based on temporal filtering. This shows that many photos for the two lo-
cations feature New Year’s Eve themes. A further analysis of user counts 
on the first day of the year confirms this pattern. 15 users (13% of all visits 
on the first day of month) visited CN Tower only on New Year’s Eve (2007-
2015). A similar number of 24 photographers (19% of all visits on the first 
day of month) visited Primrose Hill Summit. This means that the distribu-
tion shown earlier (Fig. 30) is to some degree biased towards a single day 
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of the year. 111 of 10,883 photos (1%) at Primrose Hill Summit and 64 of 
9120 photos (0.7%) at CN Tower were taken on New Year’s Eve. At first, 
this may not appear significant. However, when compared to the average 
day of the year, New Year’s Eve features three times more photos. 
  
This uneven and biased distribution of data is observable in many di-
mensions of the data. It is sometimes referred to as the ‘long tail principle’ 
for crowdsourced data. In reference to Thurlow and Jaworski (2011), the 
long tail principle describes a typical characteristic of human group behav-
ior. The researchers emphasize that albeit many people perceive experi-
ences as singular, they are often the result of a patterned, recurrent and 
scripted nature of things (p.18). For a planner, this means that, sometimes, 
interesting patterns emerge from the ‘long tail’ of the data, and not from 
the most prominent peak of accumulation. Thus, in the example of Prim-
rose Hill Summit or CN Tower, excluding data from New Year’s Eve, or 
the first day of the month, could be a viable means to increase legibility of 
other (and more interesting) patterns at these places. 
 
The effort that is invested into identifying and filtering erroneous 
timestamp data or biases is relative to the goals of analysis. Filtering tech-
niques used herein barely scratch the surface of available time-based fil-
tering techniques. For example, the timestamp granularity is an additional 
attribute available from the Flickr API. This attribute contains an estimation 
of the accuracy of photo timestamps. A user who manually restricts up-
loaded information to the year will result in Flickr substituting 06-01 (June 
1st) for the month and day as well as 00:00:00 for the time of photo taking. 
These relatively inaccurate timestamps could later be filtered out by using 
the respective granularity identifier (i.e. ‘4’). Thomee, Moreno, & Shamma 
(2014) present a number of sophisticated techniques for further filtering 
erroneous time information. 
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2.2.3.4. What: tag frequency 
Among the five facets of photo content, tag frequency is most useful 
for understanding what people attribute meaning to. The what-facet also 
shows the highest ambiguity of information because the attribution of 
meaning varies to a great degree between any given location, time and 
photographer. For instance, a single photographer may attribute different 
meanings to photographs taken at the same location at different times 
(e.g. if photographing accompanies different activities). Or, the same tag 
may be used to express different meanings at different places, even at 
those located close-by. In addition, tagging behavior is different between 
different photographers, as has been discussed earlier (section 1.3.4.3). 
Solving these discrepancies requires a number of techniques. Similar to 
the analysis of other facets, techniques can be grouped into two sequen-
tial parts. In the first part (presented in this section) the goal of analysis is 
to overall quantify tag data for a given location. The results may be used 
to investigate the collective meaning that is attributed by different people 
for the overall study area. The second group of techniques, discussed in 
section 2.2.4.2, builds upon this initial quantification. The goal of this sec-
ond part of analysis is to further classify the spatial variance and distribu-
tion of tags within an area. 
 
The initial quantification of data encompasses filtering of erroneous 
data and excluding outliers for generating a balanced result for the entirety 
of visiting photographers. As an example, two sets of tags that are at-
tached to a random set of photographs, taken by two photographers in the 
Greater Toronto Area, are listed in Table 7. In general, it can be summa-
rized that the provided information content is very small. The first photog-
rapher (A) took 21 photographs and applied an overall number of 144 tags, 
whereas the second photographer (B) created and uploaded 13 photo-
graphs and assigned 74 tags. Both photographers show a similar tagging 
behavior in regard to frequency of tags per photo (about 6 tags added per 
photo). However, photographer B makes use of a smaller variety of tags 
and sequences of tags often repeat (e.g. ‘ontario’, ‘canada’, ‘man’).  
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User Photo Original tag data Purged tag data Summary 
A 1 autumn, ontario, clouds, georgianbay, honeyharbour, vision:mountain=054 
autumn 
blanket 
bluffs 
branches 
caledon 
canada 
candy 
cascade 
chateaupipeau 
clouds 
color 
colorful 
cork 
creditriver 
fall 
fog 
food 
georgianbay 
gingerbreadhouse 
greycounty 
haltonhills 
haze 
hiltonfalls 
honeyharbour 
horizon 
lakeontario 
lichens 
milton 
muskoka 
night 
ontario 
patterns 
plunge 
scarborough 
sky 
sock 
sunset 
toronto 
trees 
uxbridge 
waterfall 
whitesfalls 
wine 
canada: 2 
milton: 2 
ontario: 2 
autumn: 1 
blanket: 1 
bluffs: 1 
boy: 1 
branches: 1 
caledon: 1 
candy: 1 
carlos: 1 
cascade: 1 
chateaupipeau: 1 
clouds: 1 
color: 1 
colorful: 1 
cork: 1 
creditriver: 1 
emilio: 1 
fall: 1 
fernando: 1 
fog: 1 
food: 1 
georgianbay: 1 
gingerbreadhouse: 1 
greycounty: 1 
haltonhills: 1 
haze: 1 
hiltonfalls: 1 
hombre: 1 
honeyharbour: 1 
horizon: 1 
jordan: 1 
lakeontario: 1 
lichens: 1 
man: 1 
missisauga: 1 
muskoka: 1 
night: 1 
niño: 1 
patterns: 1 
plunge: 1 
rodolfo: 1 
scarborough: 1 
sky: 1 
sock: 1 
sunset: 1 
toronto: 1 
trees: 1 
uxbridge: 1 
waterfall: 1 
whitesfalls: 1 
wine: 1 
A 2 autumn, ontario, fall, muskoka, lichens 
A 3 autumn, ontario, milton, hiltonfalls, haltonhills 
A 4 autumn, ontario, milton, hiltonfalls, haltonhills 
A 5 autumn, ontario, milton, hiltonfalls, haltonhills 
A 6 autumn, ontario, milton, hiltonfalls, haltonhills, vision:night=058 
A 7 autumn, sunset, ontario, clouds, georgianbay, honeyharbour 
A 8 autumn, sunset, ontario, clouds, georgianbay, honeyharbour, vision:mountain=060 
A 9 closeup, wine, cork, chateaupipeau, vision:sunset=052 
A 10 color, sock, blanket, vision:mountain=0659, vision:outdoor=0819 
A 11 food, closeup, night, colorful, candy, gingerbreadhouse, vision:outdoor=053 
A 12 
longexposure, autumn, sunset, toronto, ontario, canada, 
clouds, scarborough, bluffs, lakeontario, vision:beach=0816, 
vision:sunset=0512 
A 13 
longexposure, autumn, sunset, toronto, ontario, canada, 
clouds, scarborough, bluffs, lakeontario, 
vision:mountain=0658 
A 14 
longexposure, autumn, sunset, toronto, ontario, canada, 
clouds, scarborough, bluffs, lakeontario, 
vision:mountain=0757 
A 15 
ontario, canada, waterfall, plunge, caledon, creditriver, 
vision:mountain=0556, vision:sky=0799, 
vision:outdoor=0969 
A 16 ontario, fog, milton, hiltonfalls, haltonhills, vision:beach=064 
A 17 ontario, waterfall, cascade, greycounty 
A 18 ontario, waterfall, greycounty 
A 19 ontario, waterfall, muskoka, whitesfalls, vision:mountain=053 
A 20 trees, ontario, patterns, branches, caledon, vision:text=052, vision:plant=0966, vision:outdoor=0953 
A 21 
trees, sky, ontario, canada, clouds, haze, horizon, uxbridge, 
vision:mountain=0906, vision:outdoor=099, vision:sky=0989, 
vision:clouds=098, vision:ocean=0899 
B 1 boy, ontario, canada, jordan, niño, emilio boy 
canada 
carlos 
emilio 
fernando 
hombre 
jordan 
man 
milton 
missisauga 
niño 
ontario 
rodolfo 
B 2 boy, ontario, canada, jordan, niño, emilio 
B 3 ontario, canada, jordan 
B 4 ontario, canada, jordan 
B 5 ontario, canada, jordan 
B 6 ontario, canada, man, carlos, fernando, milton, hombre 
B 7 ontario, canada, man, carlos, fernando, milton, hombre, rodolfo 
B 8 ontario, canada, man, carlos, fernando, milton, hombre, rodolfo 
B 9 ontario, canada, man, fernando, hombre, missisauga 
B 10 ontario, canada, man, fernando, milton, hombre 
B 11 ontario, canada, man, fernando, milton, hombre 
B 12 ontario, canada, man, fernando, milton, hombre 
B 13 ontario, canada, man, fernando, milton, hombre 
Tab. 7: Example for two sets of tags, attached to a random set of photographs taken by 
two photographers in the Greater Toronto Area, and initial cleaning of tag data. 
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Based on the considerations in Part I, the summarization of such tag 
data must be carried out on a contextual level. This means, for generating 
an overall summarization, each tag is only counted once per photographer. 
In the example, the purged tag data for both photographers is listed in the 
fourth column of Table 7. Apparently, tags from photographer A relate to 
more and a higher variety of different contexts compared to tags used by 
photographer B. Therefore, photographer A is, by intent, acknowledged 
influence for a wider array of tags compared to photographer B. Neverthe-
less, for tags utilized by both photographers, influence is spread equally 
between the two, independent of how many times each photographer 
used a tag (e.g. ‘canada’, ‘ontario’). As an estimation of similarity between 
the two photographers, only little consensus of tag usage can be ob-
served. Therefore, the contexts are regarded as similar only insofar that 
there seems to be an agreement for the area photographs relate to (‘can-
ada’, ‘milon’, ‘ontario’). 
 
During summarization, some tags are excluded because they are clas-
sified as not relevant for analyzing perception. For example, tags such as 
‘vision:night=58’ appear to be created or assigned by a third party applica-
tion. In fact, this tag form usually symbolizes machine tags, a specific type 
of Flickr tag that is normally saved and transmitted in a separate column. 
For the analysis in this work, two stoplists have been implemented to ini-
tially filter unimportant tags. Unimportant in this case means relative to the 
goals of analysis in the fields of landscape and urban planning. As of 2015, 
the first stoplist consists of 278 tags that are filtered based on a full match 
algorithm. This means, tags need an exact match to be filtered out. The 
list contains, for example, conjunctions such as ‘to’, ‘for’, ‘from’, or tags 
referring to names such as ‘christian’, ‘george’, ‘markus’ (etc.). The sec-
ond stoplist contains a total number of 232 character or letter strings. This 
list is applied on a partial match basis. This encompasses specific se-
quences of characters referring to (for example) camera aperture settings 
such as ‘f10’, ‘f11’, ‘f12’ (etc.), or codes describing camera sensitivity ISO-
settings (e.g. ‘iso100’, ‘iso200’), or the above mentioned machine tags. 
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These sequences are filtered out even when a partial match is detected 
(such as in ‘iso100-isoXYZ’).  
 
The explanation for using stoplists is simple. In planning, we are nor-
mally not interested in studying where people use, for example, certain 
types of cameras, or apply different ISO-levels. This information can be 
classified as unimportant from the outset, and therefore excluded before 
any further analysis. Nevertheless, if the necessity to study filtered tags 
arises, stoplists can be easily manipulated. The stoplists presented herein 
constitute basic filter lists that were designed for an array of application 
scenarios in landscape and urban planning and, therefore, kept to a mini-
mum. 
 
Fig. 34: Ranking of tags applied to photographs at CN Tower, with a typical distribution 
that follows the Pareto principle, reflecting the common ground for tags among photogra-
phers. 
When tags are filtered and summarized on this basis, a typical long tail 
pattern emerges. For the areas analyzed in this work, the graph for distri-
bution of tag contribution equals Figure 34 (albeit occurrence of different 
tags). These graphs may be described as illustrations of consensus in tag-
ging behavior for visiting photographers such as the group of users photo-
graphing at CN Tower (downtown Toronto, Canada).  
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Photographers assigned a total number of 12,059 tags to all photo-
graphs taken at this location. A total variety of 3,548 different (i.e. distinct) 
tags were applied to describe photographs. Of these, 76% (2,682) distinct 
tags were only used by a single photographer. For the remaining 866 dis-
tinct tags (7.2%), used by at least two photographers, the joint consensus 
exhibits a typical 80–20 distribution. This means, the first 20% of the most 
often used tags (172) constitute 78.56% (7,367) of the total consensus 
among photographers, whereas the remaining 694 tags (80%) account for 
only 21% (2,010) of matching occurrences. This distribution is in conform-
ity with the Pareto principle (see for example Lerman, 2007). A distribution 
that follows the Pareto principle simply means that, for the phenomenon 
under observation, a minority of causes (20% as rule of thumb) account 
for the majority of effects. In other words, while an overwhelming variety 
of different things are perceived, most photographers agree upon the few 
main causes attracting attention at CN Tower.  
 
This typical distribution leads to an important conclusion for further 
filtering and classifying data. Even when excluding 95% of the variety of 
tags that are used to a lesser extent at CN Tower (i.e. the least used 
3,376), an analysis would still acknowledge 80% of what matters most to 
the photographers visiting this place. The most popular 20% of tags can 
also be described as the common ground between different people’s per-
ception. Therefore, in the case for CN Tower, excluding any tag that is 
used by less than 6 photographers (in the example, the first most used 
tags are used by at least 6 users) would still fulfill the underlying principles 
of equity and distributive justice discussed earlier in section 1.3.5 (see also 
Kaplow & Shavell, 2003, regarding application of the Pareto principle in 
distributive planning).  
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2.2.4 Methods for aggregating data 
2.2.4.1. Clustering of photo locations 
The primary goal of further analysis is identifying and characterizing 
individual photo locations. This requires different steps of aggregating 
photo location and tag data for a given area. Based on the conclusions 
drawn in Part I, photo taking and tagging are seen as two separate behav-
ioral processes relating to different aspects of perception. Thus, both 
types of data are analyzed sequentially. The utilized clustering algorithm 
was developed specifically for this work, and was first successfully applied 
in 2012; a very similar approach is presented by Sakai, Tamura, and 
Kitakami (2014). To the extent known, the two clustering algorithms were 
developed independently of one another. 
 
Fig. 35: Clustering of photo locations based on three aggregation steps. 
The clustering of photo locations is implemented in three consecutive 
steps. Firstly, similar to the considerations of Kennedy et al. (2007), 
measures are necessary to prevent graphics from being biased towards a 
single photographer who is frequenting a location very often. Therefore, 
photo locations of each unique user in the data set are dissolved by a spec-
ified distance dependent on the scale of analysis (Fig. 35a). In other words, 
within a radius of 10 meters, all photo locations of a single photographer 
are collapsed to a single, arithmetically centered point. This effectively 
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eliminates duplicate photo locations, such as those resulting from pano-
ramic photographing, and likewise reduces the impact of photographers 
who manually added the same (thus imprecise) geotag to a collection of 
photographs.  
 
Fig. 36: Processing of photo location data: (a) each dot represents a single photo, (b) 
combining multiple photos to shape clusters, and (c) centroids symbolize photo location 
clusters. 
Filtered locations are then combined to clusters (Fig. 35b/c and 
Fig. 36b). In ESRI ArcGIS this can be done, for example, by using either 
the aggregate points or buffer tool, followed by spatial join and summary 
statistics for counting the number of photographs and users at each loca-
tion. The choice of clustering distance (DC) depends on the density of 
photo locations and the intended granularity (or accuracy) of results. Typi-
cal aggregation distances that were found useful in regard to different 
scales are shown in Table 8.  
Reference Typical scale of analysis Aggregation distance 
Local Building/ Plaza 1:500 1 m 
Neighborhood 1:2500 1 – 5 m 
City District 1:10,000 5 – 20 m 
City 1:25,000 20 – 50 m 
Region, National Parks 1:50,000 5,000 – 20,000 m 
Country 1:100,000 20,000 – 50,000 m 
Tab. 8: List of suitable aggregation distances for typical scales of analysis. 
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The aggregate points tool (used to generate clusters as is shown in 
Fig. 36b) was found useful for larger scales, as it is possible to generate 
clusters for millions of points in a relatively short time. The buffer tool (as 
is illustrated in Fig. 35b) was found to be superior for local area scales and 
smaller number of photographs. Here, the buffer that is generated around 
each location acknowledges potential inaccuracies of spatial information 
that may originate from either GPS or manual location estimation. The clus-
tering-stopping criteria (DS) is met when the smallest distance between all 
remaining photo locations is larger than the clustering distance DC. Finally, 
generated area shapes are converted back to point coordinates (Fig. 35c) 
based on polygon centroids (i.e. the center of gravity). The colorization ap-
plied to points shown in Figure 36c is a separate, third step of clustering. 
This step is portrayed in detail in chapter 2.3, as it represents a rather spe-
cific visualization technique. 
 
2.2.4.2. Clustering of tag locations 
While the analysis of photo locations provides a basis for studying and 
understanding basic patterns of perception (e.g. intensity of place attrac-
tion), it is difficult to identify what is perceived. Available tags for each 
photo can be evaluated as a means to identify photo subjects (Fig. 37). 
Similarly to the clustering of photo locations, measures are necessary to 
prevent a single photographer’s tags from dominating final graphics. Im-
portantly, a single photograph often contains more than one tag. Here, we 
are interested in tags that were consciously assigned to photographs (i.e. 
users tagging each photo separately, instead of just copying tags). There-
fore, data is prepared by first aggregating photos with the same sequence 
of tags for each user. Afterwards, each distinct tag is separately clustered 
to generate spatial extents, which represent areas where respective tags 
are used (Fig. 38).  
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Fig. 37: Clustering of tag data based on three aggregation steps. 
Similar to the clustering of photo locations, choosing a suitable aggre-
gation distance depends on the scale and desired accuracy of analysis (see 
Tab. 8, section 2.2.4.1). For each cluster, the number of users and tag oc-
currences is counted (i.e. by applying spatial join and summary statistics 
operations). The central process of tag clustering, as it is performed in 
ESRI ArcGIS, is illustrated in Figure 18 (see section 2.1). This type of clus-
tering belongs to the group of comparatively less complex, single-link 
fixed-cluster methods. Here, the minimum distance that is used to link 
clusters is likewise applied as the clustering-stopping criteria. In contrast 
to other papers, the aggregation does not utilize mean shift clustering (see, 
for instance, Crandall et al., 2009). A sufficient aggregation for the pur-
poses of this work is still possible because tag locations are already highly 
clustered in the first place. Furthermore, this relatively simple form of clus-
tering generates spatial extents for each tag. For generating visualizations 
shown in the following (see section 2.3.2), these extents are used as 
boundaries for offsetting labels in dense areas. 
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Fig. 38: Tag clusters for eight random tags for High Park in Toronto (Canada). 
For each distinct tag, patterns differ significantly. As an example, ag-
gregated extents for 8 distinct tags are shown for High Park (Fig. 38), 
which is one of the larger parks in the City of Toronto. Here, some tag 
locations are highly clustered such as is the case for the tags ‘blossoms’ 
or ‘animals’. For other tags, such as ‘bikes’, locations are more dispersed, 
with no single largest cluster visible. Each tag can be seen as a ‘layer’, 
characterizing perception in regard to a specific context for the study area. 
Problematic, in this case, is that contexts often overlap. Typically, for fre-
quented urban areas, 1000 and more distinct tags must be aggregated to 
study the variance of different contexts people’s perception relates to. Vis-
ualizing this considerable amount of information in a way that enables in-
terpretation in a reasonable timeframe is challenging. In the following, sev-
eral techniques are discussed to visualize data in a coherent manner, with 
specific considerations for application of results to the fields of landscape 
and urban planning. The mass of data that is available to the analyst and 
possible combinations thereof, mean that examples symbolize a small por-
tion of the many ways which may be used to make sense of this type of 
data. 
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2.3 Application to planning: techniques for visualizing data 
2.3.1 Introduction 
The interested reader may be puzzled by the separation between vis-
ualizing and processing data. Is there any difference at all? In fact, all of 
the previously presented methods for filtering and classifying data are al-
ready forms of visualization and interpretation. A clear separation is not 
possible. However, basic methods for processing data can be distin-
guished insofar that they are valid in a more universally fashion. In other 
words, the methods discussed in section 2.2 can be applied in many dif-
ferent ways. In contrast, techniques for visualizing data presented in this 
chapter are specific combinations and applications of basic methods. 
These techniques are neither exclusive nor universally valid. There is an 
endless number of options to visualize data using combinations of basic 
methods. In the following, focus is given to techniques that were found 
useful for application to planning processes. A discussion on validity is fol-
lowed in chapter 2.4. 
 
Data processing and map creation is done automatically and was 
tested for various scales, ranging from local to state scales as well as for 
different rural and urban areas in California, the United States, Germany 
and Canada (see Table 9 and Maps 1 — 26). While the graphics of all maps 
are similar, each map features unique characteristics bound to the exam-
ined location. There exist several reasons for providing such a large base 
of figures and maps. As noted earlier, the data from Flickr is neither cre-
ated by a homogeneous set of rules nor by a consistent group of trained 
experts. Both the participating users and contribution patterns are une-
venly spatially distributed, and continually change over time. In other 
words, the fact that a technique yields meaningful results in one area does 
not mean it is equally suited for other areas. Furthermore, because of cul-
tural differences, the transferability or generalizability of knowledge ob-
tained for one region to another is limited. Therefore, the demonstration 
of techniques for a diverse set of locations was prioritized over closely 
evaluating a single area. 
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Tab. 9: List of study areas and available data. Highlighted study areas are not included in 
this work. 
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The presented set of study areas was not chosen randomly. Because 
no other data was available, initial results needed to be validated based on 
personal on-site evaluation. Results for study areas located in California 
were reviewed on-site, during a one-year research stay at the University 
of California, Berkeley. The same applies to areas located in Germany. Re-
sults from study areas in Canada were discussed with students and par-
ticipants from departments of architecture and landscape architecture at 
the universities of Toronto and Waterloo (see discussion of workshops, 
chapter 3.4). Early results were presented during a guest lecture, panel 
discussion and exhibition in 2012 at the Department of Architecture of the 
California College of the Arts in San Francisco.  
 
Several of the maps shown here were created as groundwork for 
other projects. For example, the map for Fort Mason (Map 1) was submit-
ted as part of the West8 entry for the respective Fort Mason Center design 
competition in 2014. The map for Sproul Plaza (Map 5) in Berkeley was 
created as an informal basis for the redesign concept by a San Francisco-
based landscape architecture office. The map created for the High Line in 
New York (Map 16) was discussed and incorporated into the revised book 
on the High Line park phase development (James Corner Field Operations 
& Diller Scofidio + Renfro, 2015). The map for downtown Oakland (availa-
ble online and included in digital material, App. I) was exhibited in a multi-
disciplinary art project focusing on ‘homing’, a concept that deals with the 
local community’s identification with the city. The maps for the State of 
Baden-Württemberg (Maps 12 - 16) were created as part of a project con-
ducted at the UT Dresden, focusing on the local people’s identification 
with the cultural landscape and influences resulting from increasingly land-
scape-transforming processes of renewable energies. Results and in-
sights gained from projects, discussions and presentations are summa-
rized in the final discussion chapter (section 3.4). 
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2.3.2 Tag maps 
2.3.2.1. Description of technique 
This technique was developed as a primary means to study the collec-
tive perception and attribution of meaning through photographs in an ex-
plorative way. The underlying assumption is that photo locations and photo 
tags are linked to two different aspects of perception. The photos’ loca-
tions are associated with the immediate perceptual responses to space. 
In contrast, a photo’s tags symbolize the user’s generalized mental picture 
of the memorized space. The overlay of both enables understanding of 
more complex perceptual processes such as the hierarchical and pat-
terned structure of perception, or the selective, generalizing nature of cog-
nitive processing. For creating tag maps that reflect the collective percep-
tion of many users, extensive aggregation is necessary. This aggregation 
is performed in two consecutive steps, which results in two layers that are 
finally combined in a single map. 
 First step: Visualizing photo location density 
Symbolizing photo locations encompasses a total number of seven 
steps (Fig. 39). In addition to the basic clustering of photo locations (sec-
tion 2.2.4.1), the statistical distribution of photo clusters is visualized using 
color information (Fig. 40). This step was implemented as a means to re-
flect the hierarchical structure immanent to spatial perception. In other 
words, the color information enables recognition of areas that receive a lot 
of attention. Results are displayed with dots of different size and in differ-
ent color variations (Fig. 40b). Red for hot spots, where significantly more 
pictures were taken compared to the overall area of investigation, and blue 
for cold spots for areas that do not get as much attention. The two differ-
ent steps for aggregating photo locations are both forms of clustering, ex-
cept for different hierarchical levels. In the following, both steps are distin-
guished by the terms first level clustering and second level clustering. 
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Fig. 39: Schematic tool sequence for visualizing photo location distribution and density. 
The statistical analysis is performed by using the Getis-Ord GI-Star sta-
tistic (ESRI ArcGIS). The tool evaluates the data (number of photos taken 
at each location) by comparing the local mean to the global mean and then 
determining whether the difference is statistically significant (called z-
score). The incremental spatial autocorrelation helps in identifying a char-
acteristic distance for the analyzed scale where the clustering of photo 
locations is most pronounced (see graph in Fig. 40). This distance is ap-
plied as the distance band threshold within the statistical analysis for con-
ceptualizing spatial relationships. The first peak (Fig. 40/1) of the incremen-
tal spatial autocorrelation output usually indicates the distance that is most 
suitable for running the Getis-Ord GI-Star statistic. 
 
Fig. 40: (a) First level clustering (see section 2.2.4.1) and (c) Second level clustering: sta-
tistical calculation to visualize significant cold and significant hot spots. The distance band 
threshold is selected based on the first peak of z-score (1) in results of the incremental 
spatial autocorrelation. 
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 Second step: Map labeling based on tag occurrences 
Based on the overall ranking of tags for an area (section 2.2.3.4, 
Fig. 34), a selection of relevant tags is clustered and merged into a single 
shapefile (see schematic illustration of the process, Fig. 41). This usually 
encompasses the most often used tags in an area (e.g. the first 1000 most 
frequently used tags). In other words, tag clustering can be delimited to 
tags that are used by a minimal number of five photographers and a mini-
mum total number of ten times. This effectively excludes all tags that are 
of only personal relevancy and likewise reduces the time needed for clus-
tering data.  
 
As this step may raise some concern, it seems important to empha-
size the underlying motivation. As has been discussed in chapter 2.2.3.4, 
the exclusion of collectively irrelevant data increases the ability to make 
sense of such a vast and noisy dataset. Conversely, one could argue that, 
by excluding all tags of minor occurrence (e.g. used by less than 0.5 per-
cent of photographers), analysis excludes views that the community at 
large does not necessarily endorse. 
 
Fig. 41: Schematic tool sequence for visualizing tag locations and intensity. 
The importance of a tag is finally determined by calculating weights 
for each cluster, based on the occurrences of a certain tag and the number 
of users utilizing this tag. Weights are inversely proportional to the number 
of tags in each cluster per user. Thus, reoccurring tags of the same user 
in the same area are weighted less than those of unique photographers. 
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The process of generating weights has significant influence on final maps. 
A formula that was found suitable for the majority of cases is shown in 
Figure 42. This formula reflects individual and collective views in a rela-
tively balanced fashion. For specific project needs, linear weighting may 
be used to direct more attention towards single users who often frequent 
areas (examples are included within the supplementary online workshop, 
see section 2.1 and App. I). 
Fig. 42: 3D Graph and formula for balanced weighting of tag occurrences based on user 
and photo counts. 
In final maps (see Fig. 43 and results in the following sections), 
weights are symbolized by font size descending from higher to lower im-
portance. The process of labeling is implemented by defining the following 
rules for label priority ranking. The most used tags are placed first as back-
ground labels. Afterwards the single densest cluster of each unique tag is 
placed (bold font-weight). Finally all other labels are placed according to 
their importance for the area (i.e. the number of times a tag was used). 
This way, tags that were only used by a minority of photographers appear 
small on the map, whereas often used tags appear bigger.  
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Fig. 43: Composition of final tag layer with tags descending in size relative to their 
weights. In the above example the tag bakerbeach appears big because it was used 1073 
times by 305 users. In contrast, fishing was only used 100 times by 14 users and there-
fore appears smaller. The angled placement of tags in this example illustrates the under-
lying shape area for each tag cluster that is used to place labels. 
 
Each tag is treated as an equally correct descriptor. Thus, in the exam-
ple of the UC Berkeley Campus (Map 4), tower, campanile and 
sathertower are each correct collective descriptors of a sub-group of peo-
ple referring to the same object, and are placed according to their signifi-
cance on the map. The resulting maps are spatio-temporal tag clouds (or 
tag maps) and can be best described as statistically weighted maps of 
what is influencing the majority of photographers’ perceptions in certain 
areas. The following discussion is aimed at providing an overview of map 
characteristics with initial interpretation based on personal on-site evalua-
tion or comparison. Methods for estimating validity and reliability of maps 
are presented in a separate chapter (2.4.3). 
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2.3.2.2. Results: San Francisco and Berkeley waterfront 
In the example area of Fort Mason (Map 1), a former army base which 
was converted into a cultural center along the Bay Promenade in San Fran-
cisco, people photograph primarily from along the waterfront, the three 
Fort Mason piers (Map 1, b–d5), and up on a little hill within the park 
(Fig. 44a). The most popular vantage point of the area is at the end of the 
pier extending from Van Ness Avenue (Map 1, i2). The most popular sub-
ject at this place is clearly Alcatraz Island, a former prison and now legend-
ary tourist attraction. The word clouds visualize not only what people 
throughout the area saw but, more importantly, what was collectively la-
beled as significant aspects of the scene. The aspects of the scene are 
combinations of known places and landmarks (the Golden Gate Bridge, 
Coit Tower, the Marina, Fisherman’s Wharf and Ghirardelli Square) as well 
as characteristic elements of the Bay and the waterfront (water, seagull, 
fog, boat, sailboat, beach), temporal or cyclic events (the annual Ro-
bogames and Fleet Week Air Show, or the sunset), and to a much lesser 
extent, verbs describing actions (shopping, running, biking) and aspects 
that can mostly be felt (wind, hot, beautiful). 
 
Fig. 44: Example photos taken at Fort Mason Center. People strolling on the lawn (a), up 
on a little hill within the park (Map 1 c/d8), (b) view of the Golden Gate Bridge (Map 1, f6), 
and (c) a photo of the water, looking down from the cliff at Fort Mason (Map 1, f5). 
The main difference compared to traditional maps is that labels occur 
in different places compared to where the actual ‘object’ is located. For 
example, the Golden Gate Bridge, while it exists only once, influences 
people's perception in a number of different locations throughout the Bay 
Area. One example where such influence is noticeable is the hill located 
within Fort Mason Park (Fig. 44b). A typical exception to this characteristic 
 Compare Map 1 
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
images from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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is the largest cluster for each tag. Often, the largest cluster (‘fortmason’ in 
the above example, Map 1, e6) marks the actual or immediate area where 
an ‘object’ is located. This becomes obvious when underlying shape areas 
are made visible (Fig. 45). In the example, the largest cluster of the subset 
of photos containing the tag fortmason forms an outline that is similar to 
the actual area of the Fort Mason Center. Nevertheless, in many cases, it 
is not trivial to distinguish between whether tags represent actual or per-
ceived places.  
 
Fig. 45: Area of largest ‘fortmason’ cluster and underlying subset of photo locations 
tagged with ‘fortmason’. Final label placement is calculated based on the polygon’s cen-
troid (i.e. the center of gravity). 
How external elements can influence perception is well observable at 
Treasure Island, a man-made island in the middle of the San Francisco Bay 
with relatively few attractions itself. The perception of the environment 
within this area is dominated by aspects from the nearby city of San Fran-
cisco and the surrounding bay. For example, a major spot for perceiving 
the skyline of San Francisco is, among other places, a well-known vantage 
point located at the entry of Treasure Island (Fig. 46/1). 
 Compare Map 2 
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
images from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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Fig. 46: Example photos taken at Treasure Island (San Francisco). 1: The skyline of San 
Francisco, as seen from a frequented vantage point located at the entry of the island (see 
Map 2, e3), 2: the view from Treasure Island at night, 3: Fireworks on New Year’s Eve, 
and 4: The construction of the new span of the Bay Bridge, as seen from the eastern 
edge of the island (see Map 2, e2). 
The size of labels is an indicator of the perception and its intensity for 
a given place and the specific group of visiting Flickr users. Although the 
skyline of San Francisco is most dominant, other relating aspects are sim-
ilarly influencing this group’s perception (compare Map 2, c3). Examples 
are San Francisco downtown, the cityscape, or the urban scenery with the 
characteristic fog (Fig. 46/1-3). Infrequent or cyclic events, such as the 
New Year’s Eve firework or the sun setting down behind the Golden Gate 
Bridge (compare Map 2, c4/5), are equally relevant for people’s identifica-
tion with the island. Furthermore, perception changes on a small scale. 
Although the skyline of San Francisco is still visible, a majority of photog-
raphers seem to look easterly when visiting the southeastern edge of 
Treasure Island. Here, other subjects, such as the (in the meantime com-
pleted) construction of the new span of the Bay Bridge, become visually 
dominant (Fig. 46/4). 
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Fig. 47: The map and photos from the Berkeley Marina pier demonstrate how perception 
changes along linear elements. (1) Photo from the entry of the pier, where it is most 
dominantly perceived (see map 3, e6), and (2–4) photos from the tip of the pier, showing 
aspects of the surrounding bay (see Map 3, c7–8). 
For other areas, maps reflect how spatial and perceptual behavior is 
shaped by characteristics of the place itself. At the Berkeley Marina (com-
pare Map 3 and Fig. 47), located along the eastern side of the San Fran-
cisco Bay, the one kilometer long pier dominates the majority of photog-
raphers’ perceptions when they first enter it (Fig. 47/1), whereas toward 
the end of the pier the focus starts to shift to various visual elements, like 
seagulls (Fig. 47/2), the skyline of San Francisco (Fig. 47/3) or the Golden 
Gate Bridge (Fig. 47/4). 
2.3.2.3. Results: Berkeley downtown and university campus 
The map for Berkeley downtown and the university campus (Map 4) 
shows one of the highest frequented areas in the East Bay. More than 
35,000 students need to travel regularly from and to the University of Cal-
ifornia in Berkeley (UC Berkeley, 2015). In addition, science industry has 
settled densely in the proximity of the university campus, attracting com-
muters from different parts of the bay (Walker & Schafran, 2015). Not 
lastly, the area around the campus is popular among tourists for its lively 
nightlife with bars and restaurants, for the historical campus, and for its 
far-reaching views of the Bay Area from the Berkeley hills. 
 Compare Map 3 
 Compare Map 4 
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
images from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
images from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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Fig. 48: Major places of photo taking in Berkeley: Downtown Berkeley Bart (a) and the 
area surrounding the Campanile (b). The Campanile also functions as an important point 
of orientation, such as is visible in a photo taken from the Berkeley hills (b) or from Sproul 
Plaza, a plaza and event venue located centrally on the campus (c). 
Some of these characteristics are also reflected in the corresponding 
tag map (Map 4). Two main clusters of photo taking are visible. The first 
one is located at the Berkeley Downtown Bart station (Map 4, c—d6, 
Fig. 48a). This metro station is one of the main public transit hubs for the 
East Bay. Typically, students first arrive here and then walk up on the hill 
to the main campus. An important destination on the campus is clearly the 
area surrounding the Sather Tower (also known as the Campanile). This 
clock tower is centrally located on the campus and is perhaps its most 
famous symbol (Fig. 48b/c). The apparent dominance of references to the 
campanile (see map) can also be explained by the tower’s important func-
tion as a point of orientation (an unusual perspective of the campanile is 
shown in Fig. 48c, from Sproul Plaza, Map 4 f7). Other areas of the cam-
pus, such as its northern parts (Map 4, d3–g3), appear less frequented. An 
explanation could be that historical campus buildings and main public at-
tractions are primarily located along the two central corridors, east–west 
(d5–h5) and central to south (g4–g9). In general, it can be stated that tags 
referring to public outdoor spaces and leisure-related buildings and spaces 
dominate the map. Examples are references to sports at haaspavilion, the 
university’s library, the alumnihouse, the berkeleyartmusion, the greekthe-
atre, or the football stadium at the foot of the eastern Berkeley hills. 
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Fig. 49: Underlying shape areas made visible for selected tag clusters at the UC Berkeley 
campus: Tags campus and university (a), tags campus and campanile (b), tags campus 
and tree (c) and tags campus, tree and rodents (d). 
Several of the above mentioned characteristics can be further exam-
ined by displaying the underlying corresponding tag shapes (Fig.  49). For 
instance, the term university appears to be used in a wider area compared 
to the term campus, which is primarily used at the core area of the univer-
sity grounds (Fig. 49a). Both tags, however, do not match the true campus 
area (see outline in Fig. 49 and Map 4). An explanation could be that uni-
versity is a more universal term, used to refer to any university activity or 
topic. In contrast, campus explicitly refers to a spatially delimited area, 
characterized by unique and identity-generating buildings and outdoor 
spaces. This area does not necessarily match the ‘true’ area of the cam-
pus, as is obvious from the example.  
 
For the tag campanile (Fig. 49b), the shape outline illustrates three 
characteristic main axes from where the campanile is perceived. Because 
the campanile can also be seen as an important symbol for the campus, 
both corresponding shapes correlate. Another aspect important to the 
identity of the campus are the many trees, primarily redwood trees. Per-
haps unexpectedly, labels referring to trees are not that dominantly visible 
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on the map (Map 4). In contrast, squirrels (or rodents) appear to be of al-
most similar high relevance to photographers as the Campanile or other 
campus buildings. This rather ephemeral feature is obviously perceived by 
a majority of the campus visitors. Not surprisingly, the sighting of trees 
and the sighting of rodents correlate (Fig. 49d), with one exception. A cen-
tral area for perceiving squirrels seems to be located at the west entrance 
of the campus (Fig. 49d and Map 4, e5). A possible explanation could be 
that people pay most attention to the rodents during their first encounter, 
when they first enter the campus from its main west gate, and loose in-
terest once they continue their walk through the campus. 
A more detailed picture becomes available when smaller scales are 
mapped. Map 5 visualizes photo contribution patterns in the central cam-
pus area. While the photo locations surrounding the campanile (see Map 
5, f1) are still dominantly visible on the map, there are several sub-loca-
tions, with one prominent cluster located at Sproul Plaza (d–e7). Interest-
ingly, the most noticeable tags in this area do not illustrate visible features 
of Sproul Plaza. Instead, animedestiny, holiholi2010, barackobama, inau-
guration2009 and other dominantly visible tags refer to past events of stu-
dent and university life. These are perceived experiences and memories 
from people who actually participated in those events. Importantly, some-
one visiting Sproul Plaza today would not necessarily perceive the same 
collection of aspects. In other words, the perception of Sproul Plaza is per-
haps strongly affected by events and other transient qualities. 
 
2.3.2.4. Results: Dresden and the Elbe Valley 
For Saxony (Germany), three maps were generated for the sub-re-
gional, city and local scale for the Elbe Valley the City of Dresden (Maps 6 
to 8). As of 2015, Dresden, the state’s capitol, counts a total population of 
about 500,000 inhabitants. Meißen, the closest city nearby, is far smaller 
with a total population count of about 30,000. The Elbe Valley in general is 
a frequented tourist destination. It is a former World Heritage Site, and 
known for its historic architecture, vine terraces and overall picturesque 
 Compare Map 5 
 Compare Map 6 
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landscape (for references to the above, see City of Dresden, 2015, p.63ff, 
p.111). 
 
Map 6, featuring the largest scale, covers the area between the town 
of Meißen (west), the baroque palace of Moritzburg (north), and the ba-
roque Pillnitz Castle (east). It is apparent that only a few subjects are dom-
inantly visible on this scale. The largest tag frauenkirche (Map 6, g7–8) 
refers to the symbolic Lutheran church that is centrally located in the his-
toric district of Dresden (the Altstadt). The Frauenkirche features one of 
the largest domes in Europe. This dome is visible from many places within 
the Elbe Valley and therefore functions as an important point of orientation. 
This importance is perhaps comparable to the meaning of the Sather 
Tower for Berkeley (section 2.3.2.3). A similar degree of importance is also 
noticeable for the Elbe River. In contrast to the Frauenkirche, the river 
stretches along the entire length of the Elbe Valley. Despite this fact, it 
appears to be primarily perceived by Flickr users when passing through 
the Altstadt district of Dresden (Map 6, g7). An explanation could be that 
the central Elbe waterfront in Dresden (known as the Brühl's Terrace) is 
among the most frequented places along the section of the riverbank that 
is shown on the map. 
 
In summary, it seems possible to conclude that there are 7 places that 
attract the majority of Flickr visitors, with the following ranking: Central 
Dresden (g8) is attracting the larger majority of visitors, followed by the 
City of Meißen (a–b1) and five sub-clusters at the Blue Wonder (a historical 
bridge that connects the districts of Blasewitz and Loschwitz, h–i8), the 
Ostragehege (an open space event area, f–g7), the Pillnitz Castle (see Map 
6, E1), and a place along the Elbe River (Map 6, h7) which features views 
of three historic palaces that throne atop the northern riverbed slopes. 
 
Interestingly, the map contains only a minor reference to the charac-
teristic vine terraces, located along the northern Elbe hills in Radebeul (see 
Map 6, d–e4). A similar observation can be made for the Dresden Heath, 
a large forested recreational and nature conservation area located north-
east of the Dresden center (h4–j7). These two areas are almost void of 
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significant more pictures were taken compared to the overall area of 
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bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
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to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
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This means in this particular analysis, 4964 unique photographers took 
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
images from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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photo clusters. A possible explanation for the absence of photo locations 
in the city of Radebeul and along the vine terraces could be that this part 
of the Elbe Valley features attractions and activities that largely attract vis-
itors of older age, who perhaps rarely make use of social media sharing 
platforms. This specific socio-cultural group is therefore not very promi-
nently represented with the Flickr data (see 2.2.2). An explanation for the 
absence of photo data in the Dresden Heath could be that this area, while 
being popular among hikers and sport enthusiasts, features very little sin-
gular photo subjects (e.g. landmarks, vantage points). Rather, the entire 
forested area can be described as being evenly attractive. This would ex-
plain why no clustering of photo locations or subjects are observed. 
When zooming one step closer (Map 7), the large cluster located cen-
tral to Dresden (see Map 6) dissolves into several smaller ones. On this 
city scale, areas are primarily visible that are utilized for recreational, tourist 
and leisure activities. For the part of the city that lies south of the Elbe 
River (the Altstadt and adjacent districts), examples are the Dresden Zoo 
(zoo, elefant, animals), the Dresden Botanic Garden (blumen, park, herbst, 
i.e. ‘flowers’, ‘park’, ‘autumn’), located within the largest park of Dresden, 
the Grosser Garten, with the contrasting Volkswagen Transparent Factory 
located alongside the park, and the central shopping venue along the 
Prager Straße (shopping, centrumgalerie, mall, einkaufszentrum).  
 
North of the Elbe River, the landscape changes rather abruptly. Here, 
the Neustadt district and adjacent areas are more evenly covered by a mul-
titude of smaller and less prominent photo clusters. In reality, this differ-
ence is noticeable in several instances. While both parts of the city are 
popular among tourists, the historic center of Dresden generally attracts 
more tourists as well as a different group of tourists, compared to the 
Neustadt. The Neustadt is known for its liberal residential flair, its high 
density of bars and restaurants, and its lively art scene; while bold, singular 
historic buildings and dominant plazas characterize the historic center of 
Dresden. Both aspects attract different groups of people in different ways, 
which finally results in the contrasting patterns of photo taking that are 
visualized on the map. A third group of smaller clusters is located to the 
 Compare Map 7 
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far right, in the district of Blasewitz and Loschwitz, with the Blue Wonder 
historic bridge in its center (see Map 7, i5). Without a doubt, this area can-
not compete with the attraction that is exerted by the Neustadt or Altstadt 
districts. Despite this fact, its importance for the city’s identity is still ob-
servable through a small number of characteristic elements that are refer-
enced comparatively large and bold on the map (blaueswunder, schiller-
platz, schwebebahn, elbhangfest). 
In-between these highly-frequented public areas lie other districts that 
are almost void of data (such as the district of Striessen, located at the 
lower right center of Map 7, f5–h8). It is not possible to say that this part 
of the city, featuring grand villas and expansive gardens, is less attractive. 
To the contrary, the draft of the 2015 land use plan for Dresden explicitly 
highlights such areas as Striessen as particularly important for the City’s 
identity formation (compare map 14 “Identitätsprägende 
Raumstrukturen”, City of Dresden, 2015). How is it possible to explain 
these obvious differences to the generated Flickr visualizations?  
As mentioned earlier (chapter 1.6, Methodology), Flickr and the prac-
tice of photo taking somehow distort the observation of the phenomenon 
under observation (i.e. perception). One example for such a distortion is 
that photography primarily accompanies intrinsically motivated tourist, lei-
sure and family related activities (see section 1.3.4.1). The majority of 
these activities are usually performed in areas outside of people’s direct 
spatial proximity of homes. As a result, perception of residential areas is 
typically less prominently reflected in visualizations of the Flickr data, even 
though people (certainly) ‘perceive’ their surrounding neighborhood. Vice 
versa, by comparing the map “Identitätsprägende Raumstrukturen” (map 
14, City of Dresden, 2015) and the photomap, it is possible to conclude 
that all areas featuring a high frequency of Flickr users are also officially 
classified as important areas for the city’s cultural identity. 
On the smallest scale among the three maps for Saxony, Map 8 illus-
trates photo contribution in the centrally-located Altstadt district. Only at 
this scale does the large cluster that is located at the center of Dresden 
 Compare Map 8 
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
images from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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resolve into smaller ones. It is apparent that the Frauenkirche (Map 8, f6) 
is still the most frequently photographed subject of this area, followed 
closely by the Zwinger Palace (b4). While the central Altstadt district fea-
tures an overall high density of photo locations, it is also observable that 
several sub clusters exist. Interestingly, there appears to exist a boundary 
to the majority of people’s exploration of space that stretches from the 
New Synagogue (h5) in the east, to the Kulturpalast (d7) in the south, and 
to the Zwinger Palace (b4) in the west. Beyond this imaginative line, few 
other places appear to exist that attract people’s attention. Among those 
is, for instance, the Altmarkt (d8), a plaza that is turned into the popular 
Striezelmark during Christmas season, or the northern part of the Caro-
labridge (i1). Importantly, the Striezelmarkt is a yearly reoccurring event. In 
contrast, the Carolabridge cluster appears to be highly related to the Dres-
den 800 year parade in 2006, a singular event. This means, while the Alt-
stadt district is a frequented destination throughout the year, the 
Striezelmarkt is characterized by a comparably high fluctuation of visitor 
rates, whereas, finally, the Carolabridge received specific attention not 
more than a few times in the last decade. In planning, this information 
could provide a base for protecting and strengthening aspects that are im-
portant for the cultural identity of the Altstadt and surrounding spaces. It 
may be of further help in estimating and guiding visitor flows for the most 
frequented central corridors. 
 
2.3.2.5. Results: Greater Toronto Area and City of Toronto 
The Greater Toronto Area, located in Southern Ontario alongside the 
shores of Lake Ontario, is Canada’s most densely inhabited region. In the 
past decades, the GTA faced serious challenges due to the growth of its 
cities and the associated urban sprawl (see Beesley, 2010). Today, the 
metropolitan region encompasses more than 6 million inhabitants. It 
stretches from the cities of Oshawa and Clarington in the northeast over 
Toronto in its center, to Burlington in the southwest. Next to this larger 
metropolitan area, several lively satellite cities emerged, such as the cities 
of Guelph, Cambridge, Kitchener and the City of Waterloo. 
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This situation is also visible on the Flickr map created for Southern 
Ontario (Map 9). The Greater Toronto Area sets itself apart from surround-
ing areas by a distinctly higher frequency and density of photo locations 
(c9 to f6). Next to this main cluster, several smaller ones are noticeable at 
Waterloo (b9), Kitchener-Cambridge, Guelph (c8) and Barrie (d3). To the 
south, past the United States border, the City of Buffalo is visibly the larg-
est counterpart, located at the northeast shore of Lake Erie. Apart from 
these urban centers, Niagara Falls is clearly the most prominently photo-
graphed landmark of the area (Map 9, e10). 
 
An abnormality that is observable, compared to the previously pre-
sented small scale maps, is that the majority of larger tags (apart from 
place names) appear to refer to relatively simple and basic features. For 
example, dominantly visible in the central part of the map (c6 to 8e) are 
such basic categories as colors (red, blue, white, black, green), references 
to seasons and seasonal aspects (winter, snow, fall, storm, cold), and 
basic elements of urban open space structures and design (tree, park, 
flower). Except for the Niagara Falls, explicit references to distinct, singular 
landmarks are missing on this scale. 
 
This phenomenon was found typical for the presented spatial-cluster-
ing of tags and resulting tag clouds. The explanation is obvious. Usually, 
for larger scales, there is a greater degree of variance in what people tag 
in their photos, or in general pay attention to. This means, the consensus 
among what a significant majority of the people perceive is reduced to 
relatively simple and reoccurring visual aspects. On this scale, local parks, 
individual buildings or landmarks and other references are just not signifi-
cant enough to the perception of the public to appear on the map. Im-
portantly, this is only true when the entirety of people is included. Individ-
ual persons usually have a much clearer picture of what is important to 
them. 
 
Despite this fact, the shown word clouds allow for drawing conclu-
sions in regard to what influences people’s identity formation on a larger, 
 Compare Map 9 
Application to planning: techniques for visualizing data - 137 
 
1
2
3
4
5
6
7
10
8
11
9
12
0
20
10
40 Kilometers
fo
rtm
a
s
S
p
atial P
attern
-A
n
aly
sis o
f F
lick
r-P
h
o
to
 D
istrib
u
tio
n
S
p
atio
tem
p
o
ral T
ag
 C
lo
u
d
 F
o
rt M
aso
n
 C
en
ter, S
an
 F
ran
cisco
1
0
/2
5
/2
0
11
, A
le
x
a
n
d
e
r D
u
n
k
e
l
"N
e
tw
o
rk
-L
a
n
d
s
c
a
p
e
s
 - N
e
w
 c
o
n
tro
l o
p
tio
n
s
 fo
r L
a
n
d
s
c
a
p
e
 a
n
d
 E
n
v
iro
n
m
e
n
ta
l P
la
n
n
in
g
 th
ro
u
g
h
 th
e
 u
s
e
 o
f in
te
rn
e
t-b
a
s
e
d
, in
te
rn
a
tio
n
a
l, lo
c
a
tiv
e
 m
e
d
ia
 d
a
ta
 s
tre
a
m
s
."
P
h
D
 a
d
v
is
o
r: P
ro
f. D
r. C
. S
c
h
m
id
t, D
re
s
d
e
n
 U
n
iv
e
rs
ity
 o
f T
e
c
h
n
o
lo
g
y, G
e
rm
a
n
y
Z
-S
c
o
re
R
a
n
g
e
<
 -0
.8
0
-0
.8
0
 - -0
.4
0
-0
.3
9
 - 0
.0
0
.1
 - 2
.0
2
.1
 - 4
.0
4
.1
 - 6
.0
>
 6
.0
S
e
c
o
n
d
 L
e
v
e
l C
lu
s
te
rin
g
:
C
o
lo
r 
H
o
t-S
p
o
t-A
n
a
ly
s
is
Distribution of Images
F
irs
t L
e
v
e
l C
lu
s
te
rin
g
:
S
ize
N
u
m
b
e
r o
f P
h
o
to
s
510
2
0
>
 5
0
1
}
S
ig
n
ific
a
n
t 
C
o
ld
 
S
p
o
ts
}
S
ig
n
ific
a
n
t 
H
o
t
S
p
o
ts
Distribution of Tags
F
o
n
t S
ize
:
1
0
5
0
1
0
0
>
 2
0
0
1
fo
rtm
a
s
o
n
fo
rtm
a
so
n
fo
rtm
a
s
o
n
F
o
n
t W
e
ig
h
t/ C
o
lo
r:
fo
rtm
a
s
o
n
fo
rtm
a
s
o
n
B
o
ld
 fo
n
t w
e
ig
h
t fo
r th
e
 d
e
n
s
e
s
t 
a
re
a
 fo
r e
a
c
h
 T
a
g
 u
s
e
d
:
N
o
rm
a
l fo
n
t w
e
ig
h
t a
n
d
 d
a
rk
-g
re
y
 
F
o
n
t C
o
lo
r fo
r a
ll o
th
e
r v
a
lu
e
s
:
fo
rtm
a
s
o
n
T
h
e g
o
al o
f th
is an
aly
sis w
as to
 ev
alu
ate th
e sp
atial p
attern
 o
f g
eo
tag
g
ed
 
im
ag
es fro
m
 F
lick
r, w
h
ich
 is a w
id
ely
 u
sed
 P
h
o
to
-S
h
arin
g
-C
o
m
m
u
n
ity. T
h
e 
resu
lt m
ap
 can
 b
e d
escrib
ed
 b
est as a sta
tistica
lly
 w
eig
h
ted
 m
a
p
 o
f 
w
h
a
t is in
flu
en
cin
g
 p
eo
p
le’s p
ercep
tio
n
 a
t certa
in
 a
rea
s. In
 ad
d
itio
n
 
to
 o
th
er d
ata, th
is d
ata m
ay
 b
e h
elp
fu
l in
 m
an
y
 p
lan
n
in
g
 p
ro
cesses 
w
h
ere it is im
p
o
rtan
t to
 fo
cu
s o
n
 th
e id
en
tificatio
n
 o
f 
p
eo
p
les w
ith
 th
eir en
v
iro
n
m
en
t an
d
 th
e u
n
iq
u
en
ess (o
r m
issin
g
 u
n
iq
u
en
ess)
o
f each
 p
art o
f th
e lan
d
scap
e - esp
ecially
 o
n
 a b
ig
g
er scale, w
h
ere field
 
w
o
rk
 an
d
 d
ata acq
u
isitio
n
 is n
o
t alw
ay
s p
o
ssib
le.
T
h
e m
ap
 co
n
sists o
f tw
o
 p
arts. F
irst, th
e sp
atial p
attern
 o
f 
p
h
o
to
s is sh
o
w
n
 as d
o
ts o
f d
ifferen
t size an
d
 co
lo
r. T
h
e size in
d
icates first 
lev
el clu
sterin
g
, w
h
ich
 sh
o
w
s d
ifferen
t lo
catio
n
s o
f in
terest. T
h
e seco
n
d
 
lev
el o
f clu
sterin
g
 w
as calcu
lated
 u
sin
g
 th
e G
ettis-O
rd
 G
I-S
tar statistic, 
w
h
ich
 ev
alu
ates th
e d
ata (n
u
m
b
er o
f p
h
o
to
s tak
en
 at certain
 lo
catio
n
s) b
y
 
co
m
p
arin
g
 th
e lo
cal m
ean
 to
 th
e g
lo
b
al m
ean
 an
d
 th
en
 d
eterm
in
in
g
 
w
h
eth
er th
e d
ifferen
ce b
etw
een
 th
em
 is statistically
 sig
n
ifican
t. T
h
e 
resu
lts are d
isp
lay
ed
 in
 d
ifferen
t co
lo
r v
ariatio
n
s: red
 fo
r h
o
t sp
o
ts w
h
ere 
sig
n
ifican
t m
o
re p
ictu
res w
ere tak
en
 co
m
p
ared
 to
 th
e o
v
erall area o
f 
in
v
estig
atio
n
 an
d
 b
lu
e fo
r co
o
l sp
o
ts, w
h
ich
 m
ean
s g
iv
en
 th
e o
v
erall area 
o
f in
v
estig
atio
n
, th
ese areas d
o
 n
o
t g
et as m
u
ch
 atten
tio
n
.
S
eco
n
d
, th
e tag
s fo
r each
 p
h
o
to
 w
ere ev
alu
ated
 to
 lab
el 
certain
 areas. T
h
e fo
n
t size w
as d
eterm
in
ed
 u
sin
g
 a fo
rm
u
la, w
h
ich
 in
-
clu
d
es th
e n
u
m
b
er o
f o
ccu
rren
ces o
f each
 tag
 in
 a certain
 area. In
 ad
d
itio
n
,
 th
e clu
ster o
f each
 tag
 w
h
ere th
e m
o
st o
ccu
rren
ces ap
p
ear are w
ritten
 in
 
b
o
ld
. T
h
is w
ay, tag
s w
h
ich
 w
ere o
n
ly
 u
sed
 b
y
 a m
in
o
rity
 o
f p
h
o
to
g
rap
h
ers 
ap
p
ear sm
all o
n
 th
e m
ap
, w
h
ereas statistically
 o
ften
 u
sed
 tag
s ap
p
ear 
b
ig
g
er. T
h
e p
lacem
en
t fo
r each
 tag
 is calcu
lated
 b
y
 d
eterm
in
in
g
 th
e 
arith
m
etic cen
ter o
f each
 tag
 clu
ster, b
u
t in
 areas w
h
ere tag
s accu
m
u
late th
e 
p
lacem
en
t can
 sh
ift.
It is im
p
o
rta
n
t to
 k
eep
 tw
o
 th
in
g
s in
 m
in
d
:
1
. T
h
is m
ap
 sh
o
w
s w
h
at is statistically
 in
flu
en
cin
g
 th
e 
p
ercep
tio
n
. T
h
is m
ean
s th
at lab
els m
ay
 o
ccu
r at d
ifferen
t p
laces co
m
p
ared
 
to
 w
h
ere th
e actu
al "o
b
ject" is lo
cated
 (i.e. th
e G
o
ld
en
 G
ate B
rid
g
e 
in
flu
en
ces p
eo
p
le’s p
ercep
tio
n
 at m
an
y
 p
laces in
 th
e B
ay
 A
rea b
u
t ex
ists 
o
n
ly
 o
n
ce). U
su
ally
 th
is m
ean
s, th
e clu
ster o
f each
 tag
 w
h
ere th
e m
o
st 
o
ccu
rren
ces ap
p
ear (w
ritten
 in
 b
o
ld
) is also
 th
e lo
catio
n
 w
h
ere th
e o
b
ject 
itself is lo
cated
.
2
. T
h
e an
aly
sis is b
ased
 o
n
 th
e d
ata o
f a lim
ited
 g
ro
u
p
 o
f p
eo
p
le 
(th
e p
h
o
to
g
rap
h
ers) an
d
 a lim
ited
 p
erio
d
 o
f tim
e (1
/1
/2
0
0
6
 to
 1
0
/0
1
/2
0
11
). 
T
h
is m
ean
s in
 th
is p
articu
lar an
aly
sis, 4
9
6
4
 u
n
iq
u
e p
h
o
to
g
rap
h
ers to
o
k
 
1
2
9
.3
9
7
 p
h
o
to
s d
u
rin
g
 th
is p
erio
d
, w
h
ich
 are g
eo
referen
ced
 in
 th
is area. 
U
ltim
ately, th
e d
ata sh
o
w
s o
n
ly
 w
h
at w
as o
r is im
p
o
rtan
t to
 th
is lim
ited
 
g
ro
u
p
 o
f p
eo
p
le an
d
 th
erefo
re sh
o
u
ld
 b
e treated
 w
ith
 cau
tio
n
 an
d
 carefu
ll 
in
terp
retatio
n
 fo
r u
se in
 p
lan
n
in
g
 p
u
rp
o
ses.
A
b
stract
L
eg
en
d
fo
rtm
a
s
o
n
L
ig
h
t-G
re
y
 C
o
lo
r/ S
h
o
w
n
 in
 
B
a
c
k
g
ro
u
n
d
 fo
r m
o
s
t u
s
e
d
 T
a
g
s
:
N
u
m
b
e
r o
f 
o
c
c
u
rre
n
c
e
s
:
S
c
a
le
 1
:1
5
0
0
0
1
0
0
2
0
0
5
0
M
e
te
rs
a b c d e f g h
toron
Z-Score
Range
< -0.30
-0.30 - -0.21
-0.2 - 0.0
0.1 - 0.3
0.31 - 0.4
0.4 - 3.0
> 3.0
Second Level Clustering:
Color 
Hot-Spot-Analysis
D
is
tr
ib
ut
io
n 
of
 P
ho
to
s
First Level Clustering:
Size
Number of Photos
100
1000
1000
> 100,000
10
}Significant Cold Spots
}Significant HotSpots
Font Size:
100
500
1000
> 10000
10
toronto
toronto
toronto
Font Weight/ Color:
toronto
toronto
Bold font weight for the densest 
area for each tag used:
Normal font weight
for all other values:
toronto toronto
Light-grey color/ shown in 
background for most used tags:
Number of 
occurrences:
Highcluster, on this scale excluded from analysis.
Based on photo data from Flickr, © 2015 Yahoo! Inc., base map OpenStreetMap CC-BY-SA, elevation model SRTM DATA 4.1 CGIAR-CSI
AREA ................................Southern Ontario, Canada
PERIOD (DATE TAKEN) .......................... 2007 - 2015
NUMBER OF PHOTO LOCATIONS...................1.6 M
NUMBER OF CONTRIBUTING USERS ........... 24,457
TOTAL AVAILABLE TAGS ................................8.2 M
Note: Due to accumulation of tags in certain areas, only a fraction 
of available tags can be shown on the map. If necessary, priority is 
given to tags of higher importance.
(approx.)
Spatio-temporal tag CloUD 
greater toronto area
MAP  9
toron
Z-Score
Range
< -0.30
-0.30 - -0.21
-0.2 - 0.0
0.1 - 0.3
0.31 - 0.4
0.4 - 3.0
> 3.0
Second Level Clustering:
Color 
Hot-Spot-Analysis
D
is
tr
ib
ut
io
n 
of
 P
ho
to
s
First Level Clustering:
Size
Number of Photos
100
1000
1000
> 100,000
10
}Significant Cold Spots
}Significant HotSpots
Font Size:
100
500
1000
> 10000
10
toronto
toronto
toronto
Font Weight/ Color:
toronto
toronto
Bold font weight for the densest 
area for each tag used:
Normal font weight
for all other values:
toronto toronto
Light-grey color/ shown in 
background for most used tags:
Number of 
occurrences:
Highcluster, on this scale excluded from analysis.
 
Distribution of photo locations
 
Distribution of tags
Highcluster, on this scale excluded from analysis.
Additional:
Wood/ Forested area
photo BaSe Data:
more generalized level. It is, however, not easy to ‘decode’ this infor-
mation without possessing personal experience or acquiring further infor-
mation. For instance, one might assume that the term red (Map 9, d8) 
could be a reference to the typical and widely-used red brick stones. In a 
book on typical Ontario building construction and housing forms, McIl-
wraith writes that brick is Ontario’s “most distinctive landscape character-
istic” (McIlwraith, 1997, p.88). He further summarizes that “Ontario is pre-
dominantly red and grey” (McIlwraith, 1997, p.89). However, only 243 of 
over 9000 photos that are tagged with red also contain brick. Therefore, a 
valid interpretation of such general references should also incorporate a 
similarly holistic and generalized perspective. Of course, one might argue 
that red is a universal color and can be seen everywhere. But, there are 
several aspects that might explain why red may receive particular attention 
in Ontario. 
 
Fig. 50: Example Flickr photos tagged with ‘red’. (a) Canadian post car on a snowy day, 
(b) red maples leaves, and (c) a typical Ontario house with red brick stones. 
Firstly, red offers the strongest emotional contrast to white, a color 
that is predominant in Canadian winters. For example, the picture of a Ca-
nadian post car (shown in Fig. 50a), perhaps, may not have been created 
without red as a signal color against a contrasting snow-white landscape. 
Red signals warmth, which may attract particular attention in strong Cana-
dian winters. Maybe Canada Post particularly chose red as a color branding 
for their cars because of this characteristic situation. Furthermore, red is 
identifying to a number of Canadian landscape features. For instance, ma-
ple leaves turning red in autumn (Fig. 50b) are a particularly impressive and 
characteristic landscape feature during Canada’s autumn. It is impossible 
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to ignore the meaning of red maple leaves for the Canadian identity (see 
the Canadian flag, for instance, which features a red maple leaf). Im-
portantly, this does not mean that leaves turning red are unique to Canada. 
Instead, red is just part of a larger number of characteristic Canadian land-
scape features drawing people’s attention. Similar conclusions can be 
drawn for other references, including those of red brick stones (Fig. 50c), 
or other references mentioned earlier such as tags referring to seasons 
and seasonal aspects, or references to urban open space structures. This 
means a planner must draw conclusions carefully, and incorporate a wider 
set of information before guiding action. On the other hand, implementing 
such basic results into planning might prove particularly difficult. 
These findings are valid for the city scale as well (Map 10). At the 
same time, it is possible to observe that references to distinct features 
and individual characteristics of places start to pervade the map at 
this scale. Among those explicit references are names of individual 
districts (Queen, Bloor, Yorkville, Yonge), names of recreational areas 
such as parks (High Park, Tommy Thompson Park, Humber Bay Park), 
islands (Toronto Islands, Wards Island), or beaches (Scarborough 
Bluffs, The Beaches or "The Beach" in eastern Toronto, Cherry Beach).  
General and relatively simple references (of higher importance) are pri-
marily concentrated in the densely photographed downtown area (people, 
red, snow, art, urban, sign, street, winter etc.). The reason for this phe-
nomenon is the same as discussed in the previous paragraph. People’s 
perception of downtown Toronto seems too diverse to allow distinct fea-
tures to emerge from the plurality of things to be perceived. Thus, the 
commonality of people’s perceptions of downtown Toronto is confined to 
basic perceived aspects. An exception is CN Tower (Map 10, e6), which is 
written large and bold in the background. Due to this importance, the char-
acteristic landmark is later attended to in detail (see section 2.3.4.4). 
Another feature, equally characteristic for Toronto’s landscape, can be 
seen when comparing the distribution and pattern of photo and tag contri-
bution to additional basic GIS data. For example, by adding a GIS layer with 
 Compare Map 10 
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
images from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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information on parks, nature and forested areas, it becomes obvious that 
photo contribution patterns are strongly correlated to these spaces (see 
Map 10, for example, area a4 to b7, or f1 to i3). The Toronto ravine system 
is one of the most distinctive features of the geography of Toronto. The 
ravines form a network of extensive urban forests that run through large 
parts of the city (see example in Fig. 51). For the most part, these ravines 
are undeveloped and function as recreational urban forests for the city’s 
population. The journalist Robert Fulford wrote “Ravines are the chief char-
acteristic of the local terrain, its topographical signature. They are both a 
tangible (though often hidden) part of our surroundings and a persistent 
force in our civic imagination. […]” (cited in Ramsay-Brown, 2015, p.11). 
 
Fig. 51: Photo of Toronto ravine with elevated walkway (Source: Ramsay-Brown, 2015, 
p.60). 
Interestingly, references to the ravine network are only indirectly visi-
ble on the map. In Don Valley (Map 10, g2), for instance, we see tags such 
as bridge, wildlife, green, insect, flowers, water, creek, pretty, or fall/au-
tumn. These are no direct references to ravines, or the ravine network, but 
of specific visual characteristics of the ravines. Even though Ramsay-
Brown concludes, for the people living in Toronto, that “[…] ravines and 
urban forests are our greatest civic treasure” (Ramsay-Brown, 2015, p.12), 
this meaning is not readily recognizable from the photomap. In other 
words, without further investigation some landscape characteristics, 
sometimes those of high importance, are not obvious to the viewer of 
these maps. Such investigation may require a certain kind of curiosity, to 
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discover the hidden, underlying patterns that affect perception of the peo-
ple who are actually familiar with a place, and a planner’s ability to empa-
thize with them. 
 
Another approach to identifying local characteristics is to compare two 
maps that show a similar resolution and setting. Such comparison can also 
help with distinguishing between effects that are the result of a specific 
identity of a place and those resulting from the way the clustering tech-
nique is set up and performed. When the map for Toronto is compared to 
the San Francisco map (included as digital material, App. I), several differ-
ences become obvious. Visible on the San Francisco map are a larger num-
ber of references to individual, highly-distinguishable and identity-contrib-
uting singular landmarks and places (the Golden Gate Bridge, Alcatraz, Bay 
Bridge, Transamerica Pyramid, Golden Gate Park, Angel Island, Treasure 
Island, Point Bonita, the Palace of Fine Arts, Cliff House, Twin Peaks, Fish-
erman’s Wharf, just to name a few). This is not the case for the Toronto 
map, where it is possible to observe only a few references to characteris-
tic, singular places and features. The most prominent examples are High 
Park and CN Tower (Map 10). This means, when considered from a tourist 
perspective, in contrast to San Francisco, Toronto may perhaps be de-
scribed as less iconic and memorable. 
 
On the other hand, both maps portray a similar strong division into 
districts and local neighborhoods. In San Francisco, references to the dis-
tricts of Pacific Heights, Tenderloin, Mission Bay, Noe Valley, Bernal 
Heights, Inner Sunset, and Russian Hill (etc.) are evenly distributed. It is 
not possible to identify a single district that is dominant to others. Like-
wise, on the Toronto map, references to the districts of Queen, Bloor, 
Yorkville, Yonge and Corktown surround central downtown as satellites of 
equal importance. On the map for San Francisco, however, it is difficult to 
observe distinct photo locations below the district level. Local characteris-
tics of districts and neighborhoods appear to be ‘outshined’ by nearby 
dominant tourist hotspots. The complete opposite can be said for Toronto. 
On the map, a much more diverse patchwork of individual photo clusters 
is observable, spread over the whole city. These clusters, representing 
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
images from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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behavioral group patterns, illustrate accentuation and differentiation of 
people’s perception along the rectangular street grid.  
 
It would be interesting to see whether these local clusters and explicit 
references to districts are reserved to inhabitants of Toronto, who are fa-
miliar with the street grid and district layout. Perhaps San Francisco and 
Toronto are more equal in terms of identity strength than they first appear 
from the comparison of both maps because the tourist dynamics of San 
Francisco somehow distort the underlying, more sensitive characteristics 
of identity formation of the local population. At the same time, it seems 
possible to say that learning to see and orient oneself in Toronto requires 
a more profound, localized knowledge, which is possibly not obtainable in 
the typically short periods of tourist stays. In contrast, the evenly distrib-
uted iconic places in San Francisco with many far-reaching views may pre-
vent visitors from actually considering the less obvious and what lies in-
between. There simply is no need for paying attention to details when a 
mental map is so easily created as in San Francisco. 
The last map for Toronto (Map 11), visualizes a small-scale area along 
the city’s waterfront, in-between the Bishop Airport and Ontario Place. On 
this scale it is possible to observe that the majority of tags specifically and 
directly reference local aspects of the scene. On the artificial island of On-
tario Place (b6 to e8), we can see references to the Cinesphere (‘the 
world’s first IMAX movie theatre’, ontarioplace.com), to the Molson Cana-
dian Amphitheatre (a concert venue), and references to the Chinese Lan-
tern Festival, among other references of lesser importance. Along the wa-
terfront, people’s perception seems to be attracted by the Windshare 
Wind Turbine (an urban turbine constructed in 2002 at the Exhibition Place, 
see Map 11, a6), and the Inukshuk (located in Inukshuk Park, e5), which is 
a symbol of Canada's Aboriginal people. Towards the east, past Corona-
tion Park (f4), references to the airport and the ferry are visible. Interest-
ingly, people appear to tag Airport in their photos while waiting for the 
ferry, or when they are on the ferry, and not when they are actually on the 
airport. An explanation could be that people perceive the airport strongest 
 Compare Map 11 
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when they are approaching it. Once the airport is reached, attention is 
drawn to other aspects (airplane, flight). 
 
Finally, the Canadian National Exhibition (c3 to e5) attracts the majority 
of people in this area. From a visual perspective, the CNE’s east entrance, 
called Princes' Gates (e3), can be classified as a major perceptual aspect. 
Furthermore, CN Tower influences a large percentage of people’s percep-
tion, albeit located 2 kilometers to the northeast of Bathurst Quay (i3). Per-
haps the Harbourfront and Bathurst Quay offer particular good views of 
Toronto’s symbolic tower. The influence of CN Tower for the city’s per-
ception is later discussed more detailed in section 2.3.4.4. 
 
2.3.2.6. Results: Baden-Württemberg 
Baden-Württemberg is Germany’s southwestern-most state. The 
state borders on France in the west and on Switzerland in the south. About 
10.6 million people live in Baden-Württemberg (Baden-Württemberg, 
2013). The state is known for its diverse picturesque landscape. Among 
the 16 states of Germany, Baden-Württemberg is ranked third for tourist 
overnight stays (Bavaria first and Berlin second, see Baden-Württemberg, 
2014). At the same time, Baden-Württemberg serves as a major industrial 
center for Germany’s economy, particularly the area surrounding Stuttgart, 
the state’s capitol. At the same time, Stuttgart and other major cities such 
as Heidelberg, Freiburg, Karlsruhe, Mannheim or Ulm, also attract most of 
the state’s visitors (Baden-Württemberg, 2014, p.13). The premier recrea-
tional area, concerning tourist visitor rates, is undisputedly the Schwarz-
wald Region (Black Forest), a forested mountain range located in the west-
ern part of Baden-Württemberg, reaching from south to north for an overall 
length of more than 150 kilometers. According to the statistical office of 
Baden-Württemberg, the Black Forest attracts about 25 to 30% of all visi-
tors coming to the state and staying overnight (Baden-Württemberg, 2014, 
p.12). 
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Similar to the Greater Toronto Area, Baden-Württemberg faced seri-
ous challenges in the past decades due to urban sprawl and landscape 
fragmentation. In addition, demographic change and depopulation of rural 
areas, along with an intensified development of renewable energies, put 
a burden on the management and planning of the state’s important cultural 
landscapes (see Schmidt, Hofmann, Dunkel, Schiller, Dosch, 2014). The 
strong tourism is one of the keys to sustainable future development of 
Baden-Württemberg’s cultural landscapes because visitors provide eco-
nomic incentives for landscape preservation and sustainable landscape de-
velopment (Hutzel & Nusser, 2009). Therefore, protection, maintenance 
and development of the visually perceived landscape take on a central role 
in Baden-Württemberg. As a means to supplement existing information, 
the following discussion is focused on two questions in particular. Firstly, 
of the wide array of important cultural landscape elements in Baden-Würt-
temberg, what portion is actually visited and perceived by locals and tour-
ists? Is it possible to read this from the generated map? And secondly, are 
there differences for what is perceived by local people and foreign visitors 
frequenting Baden-Württemberg’s landscapes?  
The simple mapping of all photo locations (Map 12) already confirms 
some of the preliminary summarized characteristics while offering addi-
tional information. Among the areas with particular high intensity of photo 
contribution, it is obvious that the larger cities stand out (Stuttgart, Frei-
burg, Karlsruhe, Ulm, Heidelberg, Mannheim and Heilbronn). This is in ac-
cordance with frequentation rates from the statistical survey published by 
the state (Baden-Württemberg, 2014). For the Black Forest, in contrast, it 
seems possible to conclude that the majority of visits in this region is con-
centrated to a few areas that are classified as protected nature reserves 
(NSG) such as the NSG Feldberg (c10) or the NSG Schliffkopf (c7, see Map 
12), and linear hiking paths in between the smaller protected nature re-
serves, reaching from south to north (c7 to c10). 
 
While it is possible to conduct a more accurate analysis for the above 
summarized findings (such as a comparison between the mean ratio of 
photo locations in protected areas compared to the respective mean ratio 
 Compare Map 12 
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T
he goal of this analysis w
as to evaluate the spatial pattern of geotagged 
im
ages from
 Flickr, w
hich is a w
idely used Photo-Sharing-C
om
m
unity. T
he 
result m
ap can be described best as a statistically w
eighted m
ap of 
w
hat is influencing people’s perception at certain areas. In addition 
to other data, this data m
ay be helpful in m
any planning processes 
w
here it is im
portant to focus on the identification of 
peoples w
ith their environm
ent and the uniqueness (or m
issing uniqueness)
of each part of the landscape - especially on a bigger scale, w
here field 
w
ork and data acquisition is not alw
ays possible.
T
he m
ap consists of tw
o parts. F
irst, the spatial pattern of 
photos is show
n as dots of different size and color. T
he size indicates first 
level clustering, w
hich show
s different locations of interest. T
he second 
level of clustering w
as calculated using the G
ettis-O
rd G
I-Star statistic, 
w
hich evaluates the data (num
ber of photos taken at certain locations) by 
com
paring the local m
ean to the global m
ean and then determ
ining 
w
hether the difference betw
een them
 is statistically significant. T
he 
results are displayed in different color variations: red for hot spots w
here 
significant m
ore pictures w
ere taken com
pared to the overall area of 
investigation and blue for cool spots, w
hich m
eans given the overall area 
of investigation, these areas do not get as m
uch attention.
Second, the tags for each photo w
ere evaluated to label 
certain areas. T
he font size w
as determ
ined using a form
ula, w
hich in-
cludes the num
ber of occurrences of each tag in a certain area. In addition,
 the cluster of each tag w
here the m
ost occurrences appear are w
ritten in 
bold. T
his w
ay, tags w
hich w
ere only used by a m
inority of photographers 
appear sm
all on the m
ap, w
hereas statistically often used tags appear 
bigger. T
he placem
ent for each tag is calculated by determ
ining the 
arithm
etic center of each tag cluster, but in areas w
here tags accum
ulate the 
placem
ent can shift.
It is im
portant to keep tw
o things in m
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1. T
his m
ap show
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hat is statistically influencing the 
perception. T
his m
eans that labels m
ay occur at different places com
pared 
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influences people’s perception at m
any places in the B
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sually this m
eans, the cluster of each tag w
here the m
ost 
occurrences appear (w
ritten in bold) is also the location w
here the object 
itself is located.
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he analysis is based on the data of a lim
ited group of people 
(the photographers) and a lim
ited period of tim
e (1/1/2006 to 10/01/2011). 
T
his m
eans in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, w
hich are georeferenced in this area. 
U
ltim
ately, the data show
s only w
hat w
as or is im
portant to this lim
ited 
group of people and therefore should be treated w
ith caution and carefull 
interpretation for use in planning purposes.
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photo BaSe Data:
of areas not protected), the following discussion is aimed at a comparison 
between results gained from traditional cultural landscape analysis to re-
sults gained from the spatio-temporal clustering of Flickr photo and tag 
contribution. As it was earlier shown for the Greater Toronto Area, on 
larger scales, interpretation of maps pose difficulties due to the imprecise-
ness of tags. Therefore, a question to be answered is how to still draw 
conclusions with relevance to regional planning processes. 
At a first glance and on a larger scale, the clustering of photo location 
and tag data (Map 13) reveals several truisms. The areas around major 
cities such as Stuttgart (e5), Heidelberg (d3), Rothenburg ob der Tauber (f–
g3, located in Bavaria), Strasbourg (b–c6, France), Basel (b11, Switzerland), 
Freiburg (c9), Karlsruhe (c–d4–5), Constance (e11), Ulm (f7–8), and Tü-
bingen (e7), are significantly more photographed than most of the rural 
areas of Baden-Württemberg. The photo contribution patterns correlate, 
to some degree, with official tourist statistics (see introduction of this sec-
tion). In fact, some of these urban areas are photographed to an extent 
that made exclusion of central high clusters necessary (see black circles 
on Map 13).  
 
Among the larger rural and uninhabited areas, big differences in photo 
density are observable. A generally high intensity of photo contribution is 
visible in the landscape regions of the Southern and Northern Black Forest, 
the Enztal and Central Neckar Valley, the Filder and Schönbuch (see Map 
12 for regions names), and along the entire border to Switzerland, with a 
noticeable peak of photo locations at Lake Constance (in particular along 
its northern shore). Conversely, underrepresented are the regions of Up-
per Swabia and the Central Swabian Alb, —despite the fact that these ar-
eas are reported as frequented tourist destinations (Baden-Württemberg, 
2014, p.12). An equal low density of location and tag data can be observed 
for the Ostalb and Ries, the area of the Swabian-Franconian Forest, and 
the Bauland with the neighboring Hohenloher and Haller Plane. Of medium 
importance to the photographers appear the Kraichgau, the centrally lo-
cated Korngäu, Heckengäu and Strohgäu, and the Baar region. An outlier 
is visible in the area around the small town of Rust (b8), which is home to 
 Compare Map 13 
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the Europa-Park (‘one of the world's leading theme parks’, europapark.de). 
Based on the density of photos, the Europa-Park is on par with such highly 
frequented areas as the Speyer-Heidelberg region (d3). 
 
The tag cloud shows a mixture of place names, references to regions 
(blackforest, schönbuch, oberschwaben, swabia and schwäbischealb, 
franconia, ostalb, ries, kraichgau, heckengäu, baar), geographic references 
to rivers (rhein, neckar, enz, kocher), valleys (donautal, höllental, murgtal, 
glottertal, albtal, taubertal, kinzigtal, lautertal) and lakes (bodensee, titisee, 
schluchsee, ‘baggersee’, alpsee, federsee). A phenomenon that was al-
ready observed for the map of Southern Ontario (Map 9) is that, with few 
exceptions, explicit references to distinct, singular cultural subjects are 
largely missing on this scale. 
 
One of the exceptions is the Hohenzollern Castle (see Map 13, d8, 
burghohenzollern, and Fig. 52a). The fact that this reference emerges on 
this scale may be seen as an indication that the Hohenzollern Castle takes 
on a special position, for visual impact, among the castles of Baden-Würt-
temberg. This conclusion is supported by the following observation. While 
there are many references visible that contain ‘burg’ as a part of their name 
(e.g. philippsburg, freiburg, ravensburg, langenburg, offenburg, laufen-
burg, waldenburg), common sense suggests that these tags are not refer-
ences to castles but places named after castles (despite the fact that cas-
tles may still exist in some of these places). In contrast, it is likely that 
burghohenzollern is an explicit reference to the respective castle because 
no town or city exists with the name ‘burghohenzollern’. Nearby domi-
nantly visible tags, such as burg and castle, corroborate this observation 
(see Map 13, d7–e8). Nevertheless, at this scale, the two adjacent labels 
burg and castle may as well contain references to other castles. A close 
observation of the area reveals that Lichtenstein Castle (Fig. 52b) is lo-
cated in close proximity to Hohenzollern Castle. Thus, castle and burg il-
lustrate the totality of references to both castles in the area. This may point 
towards a generally high visual impact of castles for this area. 
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Fig. 52: Flickr spatio-temporal tag maps allow drawing conclusions towards the ranking of 
subjects such as castles. In Baden-Württemberg, one of the castles with outstanding 
high visual impact is the Hohenzollern Castle (a). Other castles, while still being im-
portant, exert their influence on identity formation strongest on a local scale such as the 
Lichtenstein Castle (b), or the Langenburg Castle (c). 
It is possible to observe other direct references to castles on the map. 
For example, in the area of the Forest of Odes (e2–3), a careful observer 
can spot the tags castle and burg. Or, near the city of Ludwigsburg (e5), a 
smaller reference castle is visible (meaning perhaps Ludwigsburg Palace). 
Other examples are the tag castle near the town of Langenburg (f4), or the 
tags castle, burg and ruine near the town of Klingenberg (e1, Bavaria). The 
size of references serves as an indicator for estimating the relative per-
ceived importance of these castles.  
 
For the town of Langenburg (f4), for instance, its castle (Fig. 52c) ap-
pears to have a relative high importance because the label castle is of sig-
nificant larger size than the actual reference to the city (langenburg). Con-
versely, for Ludwigsburg (e5), its palace, while still showing a significant 
influence (i.e. castle being the only tag that emerges next to the city’s 
name), seems to be rather subordinate to the overall perception of the city 
because the label ludwigsburg is of significant larger size. Therefore, it 
seems possible to conclude that the Langenburg Castle exerts a much 
larger visual impact for the perception of the town of Langenburg com-
pared to the influence of the Ludwigsburg Palace for the perception of the 
city of Ludwigsburg. In other words, when compared to Langenburg, Lud-
wigsburg is perhaps characterized by a larger diversity of aspects that at-
tract people’s attention, whereas in Langenburg, the castle is of particular 
high importance for the identity of the city. 
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When comparing these findings with traditional landscape assess-
ments, it is necessary to look at literature that is aimed at a rather holistic 
and qualitative cultural landscape perspective. Abt (2014) presents such a 
cultural landscape analysis for Baden-Württemberg. The book summarizes 
important cultural landscape characteristics in two main parts. The first 
part (see the above, p.26-236) gives an overview of important landscape 
characteristics for each of the seven larger cultural regions for Baden-
Württemberg (as a reference, these regions are labeled in Map 12). Part 
two is focused on specific landscape features that are seen of special rel-
evance. Examples are forests, sunken historic roads, heaths, hedgerows 
or stone walls (see Abt, 2014, p.178ff).  
 
For the Central Swabian Alb region, for instance, Abt (2014) summa-
rizes that there is a distinctive mountain ridge with exposed white rock 
faces that visibly demarcate the northern and western parts of this central 
landscape region (see the above, p.82). According to Abt, people can find 
vantage points along these ridges that offer views reaching as far as to the 
Swabian-Franconian Forest (north) or to the Schwarzwald region (south-
west). On the Flickr photo-map (Map 13, c–d9 to e7), however, none of 
the tags in this area refer to white rock faces, significant vantage points or 
views of the Schwarzwald, respectively. While a slight difference in photo 
location density is observable between areas lying north and south of the 
ridge, it becomes apparent that most of the important landscape charac-
teristics described by Abt (2014) are not directly visible on the Flickr map. 
Instead, people tag, for instance, wanderung (i.e. hike), mountains, lich-
tung (i.e. clearing) or sonne (i.e. sun). 
 
Yet, in some cases, consensus exists. For example, Abt (2014) uses a 
number of photographs to exemplary illustrate characteristic landscape 
features for this region. Interestingly, two of the prominently placed pho-
tographs in the Central Swabian Alb chapter show features that are also 
highly photographed by Flickr users. The first photograph (see the above, 
p.84) shows a picture of the Hohenzollern Castle. According to Abt, this 
‘majestic’ castle is a dominant landmark along the northern ridge of the 
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Alb. As was discussed earlier, a similar high visual impact for the Hohen-
zollern Castle is also visible from the photo and tag clustering. Equally, a 
reference to the Donautal (i.e. Danube valley) is both clearly visible on the 
Flickr map (d–e9) and used in a photograph by Abt (2014) to illustrate ‘the 
most impressive part of the Alb’ (translated caption, p.83).  
 
Fig. 53: Selection of Flickr photographs showing places along Danube bike route, (a) the 
Danube Gorge at Beuron, (b) a pair of bikes on a bridge near Langenbrunn, and (c) a pri-
vately owned castle, whose far reaching influence, from a position high above the river, is 
likewise visible on the map (see Map 13, e9). 
A selection of photographs from places within this part of the Danube 
valley, taken by Flickr users, is shown in Figure 53. By looking at a random 
selection of photographs, it is noticeable that many contents are not 
tagged while still appearing as significant aspects of the scene. This af-
fects final map rendering. For example, even though cycling is only repre-
sented by a small number of tags (i.e. ‘cycling’ appearing relatively small 
on Map 13, e8), it is possible to observe that a large number of photo-
graphs still show bike-related imagery (see example in Fig. 53b). Thus, it 
seems possible to conclude that the Danube Valley is popular among cy-
clists despite the fact that this activity is not readily legible from the map. 
Furthermore, sometimes, people may have difficulties accurately refer-
encing important aspects of the scene. An example is visible in Figure 53c, 
showing a privately-owned castle that is located atop the central Danube 
Valley hills. On the map, this castle is simply described as castillo (e9), 
perhaps because its name is not readily available to the users. Despite 
difficulties to accurately reference the castle in photos, its influence still 
appears to be significant for people’s perception of the Danube Valley. By 
limiting the study to the map, this impact may be underestimated. 
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Does this mean that Flickr large-scale maps are confined to illustrate 
what is visually most impressive to people, while ignoring the subliminal, 
underlying and thus difficult-to-describe landscape characteristics? Not 
necessarily. Rather, while important individual aspects are often readily 
visible on maps, underlying important landscape characteristics usually re-
quire more effort in decoding the strongly generalized information that is 
portrayed on the map. The reason for this phenomenon lies in the nature 
of tagging. In chapter 2.2.4.2, it is summarized that tagging represents a 
very basic form of communication. Tags are used to convey meaning be-
tween laypeople, or experts and laypeople. Thus, it is not surprising that 
such characteristic landscape features as Hohlwege (i.e. sunken roads), or 
Steinriegel (i.e. stone walls along fields or wine terraces), for instance, are 
not tagged in photographs and, therefore, not visible on the map. These 
terms are exclusively used between experts to convey specific meaning 
and knowledge, relevant to a particular field. It is unlikely that people (even 
experts) would make use of this specific terminology when tagging photos 
on public platforms such as Flickr because only a minority of people would 
be able to understand. The aggregation of tags on larger scales amplifies 
this effect. Nevertheless, some underlying landscape characteristics are 
still visible on maps, when interpreted carefully, as the following examples 
demonstrate. 
 
In the Lake Constance region, for instance, the majority of people’s 
attention is drawn to such aspects as wasser/water, schiff/boat, al-
pen/alps, insel (island), segeln (sailing), see (lake), sonnenuntergang (sun-
set) and pier, among other things. In contrast, Abt (2014) describes the 
Reichenau Island, the Blumenau Island, the Lindau Island and the eastern 
Hegau Region as particularly characteristic destinations for Lake Con-
stance. While no references to the islands or the Hegau are visible on the 
map, it is observable that the Hegau region (including the islands of 
Reichenau and Blumenau) features a comparably high intensity of photo 
contribution along the shores of Lake Constance (see Map 13, e10–11). A 
similar observation can be made for the Island of Lindau, located in the 
east (f11). While the scale of analysis is too large to allow individual char-
acteristics to emerge from the large number of tags, the clustering of 
Application to planning: techniques for visualizing data - 150 
 
photo locations indicates a general high visual attraction for the island. Sim-
ilar to the Flickr analysis, Abt (2014) describes sailing and the ‘magnificent‘ 
view of the Alpine peaks as particular characteristic and visually attracting 
for the Lindau area (p.126f). Both aspects are also tagged by a significant 
number of Flickr users, and therefore appear on the map. 
 
In the Black Forest Region, equal similarities exist between what is 
both tagged by Flickr users and described by Abt (2014) as visual charac-
teristic landscape features. For instance, the southern Black Forest is de-
scribed as a relatively open landscape, with visually dominant valleys and 
a characteristic forest that is frequently interrupted by villages, grasslands 
and pastures (Abt, 2014, p. 134ff). On Map 13, it is possible to see evi-
dence for open views, meadows, valleys, small villages and mountains in 
such tags as gras (grass), frühling (spring), berge/berge/mountains, dorf 
(village), view, höllental (valley), glottertal (valley), bauernhof (farm), kirche 
(church), baum (tree) and mountains, for instance. This observation relies 
heavily on assumptions. For example, spring may be best visible on green, 
flowering meadows and pastures (thus, representing places where spring 
is tagged in photos). Or, a church may be seen as an indicator for a village. 
Vice versa, people may be inclined to tag a church in their photos specifi-
cally when hiking across open ridges and looking down onto a village lo-
cated in a valley. Finally, it appears uncommon that people would tag tree 
in a photo showing a gloomy forest (rather, people may tag trees, or wood, 
or make use of an explicit reference to a special tree that is known by its 
name). In contrast, a tree that stands exposed on pasture grassland (i.e. a 
characteristic landscape feature) is likely to draw the attention from many 
people, and therefore perhaps results in the tag tree appearing on the map. 
Supplementary user origin analysis 
The results discussed above may prove useful as a supplement to tra-
ditional cultural landscape assessments, for corroborating information or 
confirming findings. Nevertheless, for someone who is familiar with the 
landscapes of Baden-Württemberg, the information may not be regarded 
as significantly new information. Importantly, as has been emphasized in 
section 1.3.5, the shown maps do not provide definitive answers. To the 
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investigator, these maps expose relationships and present a base for prob-
ing further questions. One such further question could be the proportion 
between visitors and locals for specific regions, or the origin and destina-
tions of selected sub-groups. For the Black Forest region, a user origin 
analysis is included in section 2.4.3.1, as a means to demonstrate valida-
tion of data. In the following, several additional examples of supplementary 
user origin analyses are discussed. 
 
According to official tourism statistics for Baden-Württemberg for 2013, 
an overall number of 48 million overnight stays are counted (see Baden-
Württemberg, 2014, p.1). Of these, a majority of 38 million (79%) over-
night stays are attributed to visitors from Germany. A smaller but still sig-
nificant number of 10 million (21%) overnight stays are reported for foreign 
visitors. The Flickr dataset (2007–2015) contains a total number of 780,376 
photo locations from 20,791 distinct photographers. Of these, 8113 pho-
tographers (39%) offer information in regard to their origin. This infor-
mation was geocoded and mapped for two scales. Map 14 illustrates the 
origin of users for Central Europe, whereas Map 16 illustrates user origin 
on a global scale. In contrast to the official statistics, a relatively small sub-
group of only 33% of photographers (2714) originates from Germany (in-
cluding Baden-Württemberg). Foreign visitors account for the larger ma-
jority of 67% of origins. How is it possible to explain these differences? 
 
Firstly, official tourist statistics capture each overnight stay, regardless 
of whether a person already visited in the past. In contrast, when using 
Flickr photo locations, it is possible to count each photographer once and 
to identify local people from the dataset (i.e. people living in Baden-Würt-
temberg). Moreover, official tourism statistics are based on overnight 
stays retrieved from hotel data. Here, it is difficult to distinguish between 
tourist and business visitors. As a result, domestic tourism may be over 
counted because domestic business travel can be expected to be domi-
nant over foreign business visitors. Furthermore, a specific gap of infor-
mation exists for daily short-term visitors who do not stay overnight. In 
contrast, the Flickr data contains information for all visiting photographers, 
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regardless of their length of stay. In addition, photography particularly ac-
companies leisure activities such as tourist travels (see section 1.3.4.1). 
While the Flickr data can neither be regarded to be entirely accurate (due 
to a number of biases, see 2.2.2), user origin analysis offers an alternative 
perspective for measuring visitor rates, supplementary to official statistics. 
When conceived this way, on a closer look, a first observation that 
stands out on Map 14 is the high number of photographers who are local 
to Baden-Württemberg. In fact, 857 of 2714 German photographers (32%) 
with photographs in Baden-Württemberg also live in Baden-Württemberg 
(according to their profile information). A significant number of photogra-
phers appear to be visiting from larger German cities such as Berlin, Mu-
nich or Hamburg. Furthermore, a gradient of decreasing frequency of visi-
tors is visible towards the former East German states, such as Mecklen-
burg-Western Pomerania or Brandenburg (f3-5). In contrast, Baden-Würt-
temberg seems to attract a comparatively large number of photographing 
visitors from England. Finally, while there is a clear decrease in number of 
users arriving from across the border of France, almost no difference is 
visible for user origin counts between southern Baden-Württemberg and 
Switzerland. This indicates a relatively high blending of visitor traffic be-
tween both these states. Because official visitor numbers for France and 
Switzerland are particularly prone to error due to missing information on 
daily short trip tourism, these findings may particularly supplement official 
statistics. 
 
As a means to focus on landscape tourism, it is further possible to 
restrict analysis to the fraction of photos that is taken outside of settled 
urban areas. In Baden-Württemberg, a total number of 6703 photogra-
phers (32%) took 179,758 photos (23%) in rural areas (based on the total 
Flickr data that was created for Baden-Württemberg between 2007 and 
2015). Origin information is available for a significantly smaller group of 
2630 (39%) photographers. Interestingly, 31% of photographers (838 of 
2630) who visit rural areas are local to Baden-Württemberg. In comparison, 
in urban areas, only 22% of photographers can be classified as local (682 
 Compare Map 14 
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
images from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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of 3078). This means that rural parts of Baden-Württemberg are signifi-
cantly more frequented by local photographers, while urban areas are 
more often visited by tourists. Differences in ratios may be even more 
pronounced when urban areas are restricted to the larger cities of Baden-
Württemberg. Importantly, in contrast to ratios, the overall percentages 
are only limitedly meaningful, and must be used with caution because pho-
tography in general is biased towards tourist activities (see section 
1.3.4.1). Thus, absolute tourist visitor rates are likely to be over-counted. 
Further information may be gained by focusing on visitors from spe-
cific countries. Map 15 illustrates origins and respective destinations for 
photographers coming from Switzerland. This group totals 143 photogra-
phers who account for 5723 of photographs taken in rural areas of Baden-
Württemberg. For each of these 143 photographers, distinct photo loca-
tions were first identified by aggregating all photographs within a 5-kilo-
meter area. Afterwards, the distinct locations of all photographers were 
clustered and analyzed regarding their density (Fig. 54).  
 
Fig. 54: Density map for distinct photo locations in Baden-Württemberg (outside urban 
areas) for Swiss visitors (compare Map 15). 
 Compare Map 15 
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The results (Fig. 54 and Map 15) reveal that areas close to the border 
(e.g. Constance, Lake Constance, and the Southern Black Forest) are par-
ticularly frequented by Swiss photographers. According to the official sur-
vey (Württemberg, 2014), Swiss tourists prefer visiting the Southern Black 
Forest (p.13). Based on the photo analysis, it seems possible to add that 
this area is also characterized by a relatively high frequency of short trip 
visitors. A high density of distinct photo locations is also observable for the 
area around Rust (Europa-Park), and the peri-urban areas of Stuttgart, Frei-
burg, Heidelberg and Ulm. Slightly less but still popular among Swiss pho-
tographers appears to be the earlier discussed mountain ridge that demar-
cates the northern Schwabian Alb, from Rottlweil to Balingen to Hech-
ingen (with such places as the Hohenzollern or Lichtenstein Castle, see 
Fig. 52a/b). Map 15 further indicates that there is a significant difference 
between traveling distances for Swiss visitors. While people from south-
ern Switzerland appear to travel relatively long distances, including to dis-
tant places in North Baden-Württemberg, visitors from northern Switzer-
land frequently appear to make short distance trips. In contrast, visitors 
from both groups are entirely absent in the northwestern regions of Ba-
den-Württemberg (e.g. Swabian-Franconian Forest, Bauland, Hohenloher 
and Haller Plane). It is important to note that these findings must be 
treated with caution due to the small sample of data (i.e. based on data 
from 143 photographers). 
 
Finally, on a global scale (Map 16), it is possible to confirm several of 
the findings that are discussed in the official survey. At the same time, 
biases of the Flickr data become more clearly visible. A discussion of Map 
16 and associated user origin data is included, as an example, in section 
2.2.3.2 (Who: user origin). 
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2.3.2.7. Summary 
The presented spatio-temporal tag maps are useful as a supplemen-
tary set of data for a variety of applications in landscape and urban plan-
ning. For example, while conducting a field survey for England’s Land-
scape Character Assessment program, planners need to provide infor-
mation on the aesthetic and perceptual aspects, and the perceived char-
acter of landscapes (see guidance from Great Britain Countryside Agency 
& Scottish Natural Heritage, 2002). In preparation for this task, the pre-
sented type of maps could be used to study the relative importance of 
features within an area. Later, during on-site evaluation, personal compar-
ison may either confirm findings or prove whether the maps accurately 
reflect the perception of a sub-group of people. Similarly, Germany’s Envi-
ronmental Impact Assessment program requires planners to estimate per-
ceived project or plan impacts (see Directive 2001/42/EC of the European 
Parliament). These maps provide the opportunity to quantify aspects of 
the perceived landscape character, and thus may help in more accurately 
assessing a project’s consequences. Often, however, it will be the case 
that additional questions need to be explored based on the specific context 
of a project. Here, the clustered data generated in the first step is a suita-
ble base for further exploration. In the following sections, brief examples 
of additional experimental visualizations are presented that demonstrate 
adaption of techniques for further exploration of specific planning ques-
tions. 
 
For the tag maps or spatio-temporal tag clouds presented in this chap-
ter, it was found that map generation works best for local, neighborhood 
and city scales, with a minimum number of roughly 10,000 photos and 
30,000 tags available. Currently, this is primarily the case for inhabited, 
urban, or otherwise highly frequented places, such as National Parks. Be-
low these minimum data limits, variance noticeably influences the validity 
of results. To some degree, the scale of analysis affects the minimum vol-
ume of data that is needed. On local scales, results may sometimes ap-
pear valid even when less than 30,000 tags are available. One explanation 
could be that there is more common ground for what people perceive 
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when there is less variety of things to be perceived. This is usually the 
case on smaller scales and in more clearly defined visual environments.  
 
On larger scales, such as regional and state scales, tag maps were 
found to be of only limited suitability. For the State of Baden-Württemberg, 
for example, less complex tags such as ‘wood’, ‘tree’, or ‘field’, dominate 
the map. The explanation for this phenomenon is obvious. With increasing 
scales of analysis, a greater number of differing landscape characteristics 
exists. It follows that larger scales of analysis correlate with a greater vari-
ety of what attracts people’s perception. Thus, consensus is reduced to 
simple and often universal, reoccurring perceptual aspects (e.g. ‘tree’, 
‘wood’, ‘water’). For example, while people may be more inclined to agree 
on what matters most at CN Tower, it is unlikely that there is a similarly 
clear consensus on what constitutes important aspects for such a complex 
entity as Germany. This is consistent with other findings such as those 
from Van Dijck (2011), who concluded that that there is a limitation to the 
complexity of values and meaning that can emerge from aggregation of 
such basic expressions as tags or photo locations (see chapter 1.3.4.2). A 
more detailed discussion on validity and reliability of visualizations is in-
cluded in chapter 2.4. 
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2.3.3 Temporal comparison for assessing landscape change 
2.3.3.1. Description of technique 
Several researchers emphasize that landscape perception changes 
over time (see for example Wherrett, 1998; Bell, 2012; or references in 
section 1.3.4.1). Results from a project on assessing the visual impact re-
sulting from the transforming processes of renewable energy develop-
ment in Germany, suggest that perceptions of large-scale landscapes can 
change rather abruptly (Schmidt et al., 2014). It is a challenge for urban 
and landscape planners to estimate visual impacts of built projects and, 
consequently, to monitor impacts and propose adaption strategies. One 
reason is that there is no coherent method available to measure change. 
 
For planners, for example, the comparison of tag maps generated for 
different timespans opens up possibilities to track the impact of projects, 
analyze the way perception of landscapes changes over time, and react to 
unwanted developments or trends. This may not be seen as an entirely 
new technique. Rather, it demonstrates how different base methods can 
be individually combined and applied in a new context to extract 
knowledge that is relevant for specific research questions. 
 
Fig. 55: Schematic tool sequence for comparison of tag maps. 
As a means to increase comparability of maps that were generated for 
two periods, the tag display size modifiers (MD2, see Fig. 42, section 
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2.3.2.1) can be linked by using two or more stable aspects that are as-
sumed to remain unaffected (see Fig. 55). Thus, even though a rise of total 
available data is evident in past years, this modification leads to symboli-
zation of stable aspects with similar size for both maps. 
 
2.3.3.2. Results: The High Line, NY 
This technique is demonstrated in Map 17 for the High Line, a former 
elevated freight railroad spur that was turned into an accessible greenway 
in Manhattan, NY (see Map 17 and Fig. 56a/b). The mapping of data from 
before and after the opening of the High Line offers strong evidence for 
how a single project can transform the way people perceive a neighbor-
hood. Although data availability has risen in recent years through the pro-
liferation of geotagging, smart phones and photo sharing, a concentration 
of growth is clearly visible along the path of the High Line. In 2009, a Flickr 
user added the following note to a photo showing the newly opened park. 
“Isn't this park awesome? It is an elevated park that weaves along top of 
New York City. Hardly anyone knows about it!” (Ratcliff, 2009). After com-
pletion of the project, the New York Times described the visual impact of 
the elevated park as follows. 
 
What's really unexpected about the park is the degree to 
which it alters your perspective on the city. Guiding you through 
a secret landscape of derelict buildings, narrow urban canyons 
and river views, it allows you to make entirely new visual con-
nections between different parts of Manhattan while maintain-
ing a remarkably intimate relationship with the surrounding 
streets. (Ouroussoff & New York Times, 2009) 
 
The accessible greenway gave the opportunity for the public to walk, 
separated from street level, and perceive the neighborhood district of 
Chelsea in a different way. Not only did this project provide new usage of 
the High Line itself, it also improved the perception of the whole area sur-
rounding it. 
 Compare Map 17 
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where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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Fig. 56: The High Line before and after redevelopment: a photo from a Wikipedia contrib-
utor (a), showing the third section that was left undeveloped in 2009, and a photo from a 
Flickr user (b) from 2009, showing a developed section and titled “The Park Through the 
Sky” (Ratcliff, 2009). 
In the example of the High Line, the display size modifiers were linked 
for the tags highlineballroom and chelseamarket to produce a similar font 
size in both maps (to the greatest possible extent). The rationale behind 
this selection is the assumption that changes in perception were, if any, 
marginal for these two aspects. In other words, the perception of the High-
line Ballroom and the Chelsea Market is expected to be largely independ-
ent of the High Line park development. This enables a more accurate eval-
uation of the impact of the High Line redesign (where change is expected). 
 
2.3.3.3. Summary 
While comparison of tag clouds for two different timespans is merely 
a subset of the technique presented in section 2.3.2, it provides a means 
to effectively visualize the perceived landscape change. Despite the fact 
that more importance is given to the assessment of visual appearance of 
landscapes in recent years, there are few methods available to assess this 
type of information. The presented technique may particularly supplement 
the monitoring of built projects. 
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2.3.4 Determining lines of sight and important visual connections 
2.3.4.1. Description of technique 
Viewshed analysis is a powerful analytical GIS technique to predict 
visibility of certain aspects in the landscape. A digital elevation model 
(DEM), and other surface information, is used to calculate the area (i.e. the 
viewshed) from where a feature can, theoretically, be seen. To the plan-
ner, viewshed analysis provides important information. Yet, this infor-
mation must be used with caution. In other words, as Steinitz and Ervin 
put it, “just because a GIS computer program says an area or feature of 
the landscape will be visible from a specified viewpoint, that does not 
mean that it will be seen, or remembered” (Ervin & Steinitz, 2004, p.757). 
In contrast, the analysis of lines of sight concerns itself with the actual 
perception of features, the accessibility of places, or the frequency of ac-
cess for specific viewpoints.  
 
Both viewshed analysis and analysis of lines of sight provide infor-
mation that is of equal importance to a number of planning questions. In 
this context, Ervin and Steinitz (2004) argue that viewshed analysis and 
line of sight analysis can be distinguished by their relation to either one of 
the two sides of perception (see section 1.1 and 1.2.1). Viewshed analysis 
shows what “at least one observer might ever see (the physical – optical 
viewshed)” (see the above, p.764). In contrast, a line of sight is “what all 
or most observers would surely see (the psychological – cultural 
viewshed)” (see the above, p.764). Problematic in this context, is that a 
viewshed analysis, given that elevation data is available and sufficiently 
accurate, is relatively easy to perform and readily available. In contrast, the 
discovery of lines of sight usually involves time-consuming fieldwork, 
which in turn is never fully sufficient to reproduce public perception (see 
chapter 1.2.1). 
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Fig. 57: Schematic tool sequence for generating lines of sight. 
To fill in this gap, the Flickr photo data can be used as a proxy for visual 
lines of sight. Similarly to other techniques, lines of sight are generated 
from the number of photos and the frequency of tag utilization (Fig. 57). 
Here, photo locations are defined as viewing places (or vantage points) 
whereas tags define what is seen or perceived. In this context, it is nec-
essary to distinguish between the portion of tags that refers to perceived 
features, and the part that is used to describe the location of the perceiver 
(i.e. the physical location). A pattern that was observed for the majority of 
tags is that the single densest cluster for each distinct tag usually repre-
sents the location where the actual feature is located. Thus, by connecting 
all low clusters of a tag with the single densest cluster of the same tag 
(e.g. by using the spider diagram tool in ESRI ArcGIS), it is possible to cre-
ate visualizations similar to visual lines of sight. An alternative approach is 
to manually locate the actual location of relevant features. This is particu-
larly feasible when only a small number of aspects is analyzed. 
 
2.3.4.2. Results: Yosemite Valley 
The technique was first explored in Yosemite Valley. The valley is sit-
uated in the central area of Yosemite National Park, which is a part of the 
western slopes of the Sierra Nevada mountain chain of California. Yosem-
ite Valley is a designated World Heritage Site and famous for its sheer 
granite rock faces, waterfalls, giant sequoia groves, and clear lakes and 
rivers (UNESCO, 1984). The area is particularly suitable to explore the pre-
sented technique because it only offers a small number of distinctive land-
scape features of outstanding importance, and a few primary vantage 
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points with highly characteristic views. Furthermore, being among the 
premier visited parks of California, the valley is well represented within the 
Flickr data. The initially-created spatio-temporal tag map (Map 18) is based 
on a total number of 75,063 photos and 352,886 tags from 4940 users. 
The tag map (Map 18) offers a means to obtain a first overview of 
important places and subjects. Clearly visible from the distribution of photo 
locations is the curvature of the valley, with Merced River flowing along 
its lowest part. The floor of the valley is demarcated by a generally-higher 
intensity of photo contribution. The area’s well-developed accessibility 
likely contributes to this pattern. For areas surrounding the valley, it is ob-
vious that highly-frequented photo locations are confined to a few singular 
places (h-i4, f-g6, h6, e4, a7) and to linear stretches along intermediate 
connecting hiking paths (see, for example, correlation between photo lo-
cations and OpenStreetMap derived hiking trails in g7, i4–6, or h2). 
 
Fig. 58: Photographs of and from important places and subjects in Yosemite Valley. Half 
Dome is a repetitive subject visible from a number of places such as from Stoneman 
Meadow (a) or Glacier Point outlook (b). The Yosemite Falls (c) waterfalls function both 
as important visual subjects as well as relevant vantage points for perceiving the valley 
(see Map 18, e3). 
The word cloud allows conclusions towards significantly perceived 
landscape features of the valley. Predominantly visible are references to 
Yosemite Falls, Half Dome, Glacier Point and El Capitan. These landmarks 
belong to quite different categories. Half Dome (Fig. 58a) and El Capitan 
(Fig. 59a) are characteristic rock formations, Yosemite Falls (Fig. 58c) rep-
resents three large waterfalls, and Glacier Point (Fig. 58b) is a peak and 
vantage point that offers grand views of the valley. Yet, all four references 
 Compare Map 18 
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might also be used to point towards photo locations, as each feature like-
wise represents a frequented vantage point. 
The dominantly visible granite rock formation of Half Dome is iconic to 
Yosemite Valley (Fig. 58a). Due to its size, Half Dome can be seen from a 
number of places from within the valley and beyond. The conventional 
viewshed analysis (see validation example in section 2.4.3.2) reveals that 
Half Dome is visible from almost a third (27.6 square kilometers, 32%) of 
the analyzed area of surrounding terrain (measuring 84 total square kilo-
meters). Of course, this does not mean that people in reality actually do 
perceive Half Dome from all these positions. Instead, the visualization of 
lines of sight based on photographs shows that only a fraction of viewing 
places is actually frequented (see Map 19). Among these, three places 
stand out. 
 
Fig. 59: Yosemite Valley as seen from Tunnel View, a frequented vantage point located at 
the entrance of the valley. Visible in the foreground is El Capitan (a), the largest rock face 
of the valley, reaching up about 900 vertical meters. Far in the distance, Half Dome (b) 
already has significant influence on people’s perception at Tunnel View. 
Most photographs of Half Dome (17%) are taken from Glacier Point 
(see f6 on Map 19, and Fig. 58b). This is not surprising given that Glacier 
Point is one of the highest vantage points in the valley, and that it is directly 
accessible by car. Glacier Point is followed by a point at the entrance of 
the valley (called Tunnel View, see a7–b8 and respective view, Fig. 59), 
which became famous as a vantage point by photographer Ansel Adams. 
The outlook is directly located after a tunnel that functions as the main 
 Compare Map 19 
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peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
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The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
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level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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Please note: because of accumulation of tags in certain areas, only a fraction of available tags can be shown on the map above.
The goal of this analysis was to evaluate the spatial pattern of geotagged 
photos from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
people with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 2500 unique photographers took 
37.000 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation.
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Please note: because of accumulation of tags in certain areas, only a fraction of available tags can be shown on the map above.
The goal of this analysis was to evaluate the spatial pattern of geotagged 
photos from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
people with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 2500 unique photographers took 
37.000 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation.
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
images from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
photos from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
people with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 2500 unique photographers took 
37.000 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation.
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Please note: because of accumulation of tags in certain areas, only a fraction of available tags can be shown on the map above.
The goal of this analysis was to evaluate the spatial pattern of geotagged 
photos from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
people with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 2500 unique photographers took 
37.000 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation.
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entrance for the valley. The stunning scenic view that opens up is under-
lined by an effect of surprise. This surprise is strongest when exiting the 
tunnel and first perceiving the valley, which is perhaps why many visitors 
chose to take a short brake. In addition, the vantage point offers an over-
view of a large part of the valley while still concealing some of its aspects 
(see Fig. 59). The environmental psychologist Rachel Kaplan called this ef-
fect mystery, which is described as an observer’s “sense that more infor-
mation would be available if one could move further into the scene” 
(Kaplan, 1985, p. 167). Despite the fact that Half Dome is barely visible in 
the distance (Fig. 59b), a still significant amount of photographs taken at 
this point contain references to Half Dome (13% of all Half Dome-refer-
encing photographs). 
 
A third significant accumulation of photographs (12%) with references 
to Half Dome can be found on Stoneman Meadow, an open meadow lo-
cated centrally in the valley (f5). Tyler Westcott, a Flickr user, explains his 
choice for photographing Half Dome from Stoneman Meadow as follows. 
 
The second evening in the park I wanted to find a nice per-
spective on the face of Half Dome from the valley floor. Having 
seen countless photos of Half Dome it's all a bit of a blur as to 
which locations give particular views. In this case I wanted to 
be looking up at the face of Half Dome but still be able to see 
the apron of snow and trees below its sheer face. The best 
location I managed was from Stoneman Meadow - the large 
meadow north of Camp Curry. (Westcott, 2010) 
 
This comment indicates that an explicit motivation is connected to the 
photographer’s behavior. The final choice for Stoneman Meadow is based 
on both previous experience (i.e. other people’s photos of Half Dome) and 
the photographer’s own, immediate perceptions while visiting the valley. 
Furthermore, when reviewing other people’s photographs, it becomes ob-
vious that the lit granite wall of Half Dome, only visible on sunset, is a 
repetitive theme for Stoneman Meadow (Fig. 58a). 
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Perhaps a planner could have equally gained the above-summarized 
information by simply questioning a Yosemite Valley ranger, conducting a 
literature review, or making a personal visit to the valley. The question is 
whether the planner’s personal perception would have been representa-
tive for the majority of people visiting the valley. In this case, the Flickr 
data and visualizations offer a supplementary set of information. This in-
formation may be of particular use for verifying the likeliness of accuracy 
of other information (such as one’s personal perception). 
 A slight modification of the technique is presented in Map 20. By pre-
selecting and connecting all dominant photographed aspects in an area, 
with merged low clusters and joined number of sightings, it is possible to 
visualize the relative importance of a location as a subject, compared to its 
importance as a vantage point. In Yosemite Valley, this method was used 
to determine statistically important visual connections for Glacier Point, 
Yosemite Falls, El Capitan and Half Dome. The granite cliff face of El Cap-
itan (Map 20, c6 and Fig. 59a) is the subject of many photographs but hard 
to reach as a vantage point. The opposite can be said for the point on the 
valley’s entrance (Tunnel View, symbolized on the lower left part of Map 
20, a8). Still far in the distance, Half Dome also has significant influence 
on the perception of many people at this place (Fig. 59b). 
  
 Compare Map 20 
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2.3.4.3. Results: Golden Gate and Bay Bridge 
Equivalently, lines of sight have been calculated for the Golden Gate 
Bridge and the Bay Bridge, visualizing locations where people actually per-
ceived the two important landmarks and points of orientation in the Bay 
Area (Map 21). The map demonstrates that the two bridges have a per-
ceptible influence even on distant places. An example is shown in Fig-
ure 60. Illustrated in the picture (Fig. 60/1) is a view from Bernal Heights 
Summit (Map 21, see detail D1), a hill that is centrally located on the San 
Francisco peninsula. Bernal Hill, as it is also called, offers a 360-degree 
panoramic view of the surrounding city and bay. Despite the fact that the 
Bay Bridge and Golden Gate Bridge are barely visible from this place (com-
pare natural view (1) and close-up (2) in Fig. 60), people explicitly look out 
for the two landmarks, and reference them later in their pictures. 
 
Fig. 60: View (1) of the city of San Francisco (looking north, see detail D1 on Map 21) 
from Bernal Heights Summit. Despite the fact that the Golden Gate Bridge (left circle and 
close-up, 2) and Bay Bridge (right circle) are barely visible, people actually perceive the 
two important landmarks from this distant place, and tag them later in photos. 
This phenomenon is exemplary for other places in the San Francisco 
Bay area. It appears difficult to explain that people perceive these distant 
subjects solely based on their visual impact (e.g. color, contrast, attractive-
ness or characteristic appearance). People explicitly look out for landmarks 
because landmarks represent important points of orientation within com-
plex urban environments. This is particularly important for large cities such 
as San Francisco, where a significant percentage of people are short-time 
 Compare Map 21 
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visitors who are not familiar with the city. This effect is not limited to land-
marks. Environmental psychologist Stephen Kaplan explains that “any-
thing that would make the environment easier to create a map of, easier 
to characterize, to summarize to oneself […] increase[s] one’s sense of 
comprehension” (Kaplan, 1979, p.241). 
 
Interestingly, the majority of viewing places appears to be predomi-
nantly characterized by either one of the two landmarks. One exception is 
Coit Tower (d8), a historic tower and vantage point located near the San 
Francisco waterfront, on top of Telegraph Hill. It seems as if both the 
Golden Gate Bridge and Bay Bridge equally influence people’s perception 
at Coit Tower. Using a third technique that is suited to explore public per-
ception at individual places, this special position for Coit Tower is looked 
at in detail in section 2.3.5.2. 
 
2.3.4.4. Results: CN Tower, Toronto 
CN Tower is iconic for Toronto. This visual impact is already visible 
from the spatio-temporal tag map (Map 10, discussed in section 2.3.2.5). 
Unlike San Francisco, which is characterized by a relatively high number, 
and diversity, of influential landmarks, Toronto’s skyline is, on first sight, 
dominated by the centrally-located CN Tower. The meaning of CN Tower 
for Toronto may be described as controversial, to some degree. During a 
panel discussion held in Toronto (section 3.4.1), one participant (local to 
Toronto) questioned the tower’s importance for the city. It was argued that 
the city has so much more to offer than this ‘overrated attraction’. In con-
trast, another participant argued that CN Tower was of particular help after 
having moved to Toronto. The rationale was explained by the tower’s func-
tion as an important point of orientation in an otherwise unfamiliar urban 
landscape. While it is not possible to measure a total ‘value’ for CN Tower, 
analysis of respective photos may help in estimating its relative im-
portance throughout the city for people’s sense of orientation, for exam-
ple. 
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For the city scale (Map 22), significant lines of sight to CN Tower can 
be identified primarily for places along the waterfront. The majority of pic-
tures (13%) is taken from the northern waterside of the Olympic Island 
and Centre Island Park (Map 22, f7), followed by a place on Polson Pier 
(11% of photos, see g5), and the Canadian National Exhibition (CNE) venue 
(9% of photos, e6). Vantage points located north of CN Tower are fewer 
and more dispersed, meaning that there is decreasing consensus on dis-
tinct viewing places for CN Tower. An outlier is visible at the edge of the 
Avenue Road Hill (e2). The majority of photographs in this cluster are con-
tributed from Casa Loma, a publicly-accessible historic house and garden. 
While only 3% of the photos of CN Tower are taken from this place, it may 
still be regarded as significant due to its special position, located north and 
to the opposite of the majority of CN Tower vantage points, and at a con-
siderable distance to the tower. In city planning, this vantage point may 
need particular attention due to its vulnerability in regard to obstruction 
through building construction (i.e. if the goal is to protect important lines 
of sight to CN Tower). 
 
Fig. 61: View of Toronto skyline from across Lake Ontario, bridging a distance of about 
50 kilometers. While other aspects disappear at this distance, CN Tower and large sky-
scrapers stand exposed against the contrasting cloud backdrop. 
This means that the size or colors of dots visualized on the map are 
not necessarily synonymous with significance. An accurate evaluation 
must equally incorporate a holistic and qualitative perspective on percep-
tion. For instance, connected with a rising distance to perceived subjects 
is usually an exponential growth of potential places to take photographs 
 Compare Map 22 
 
 Compare Map 23 
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
images from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
peoples with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster, but in areas where tags accumulate the 
placement can shift.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation for use in planning purposes.
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Please note: because of accumulation of tags in certain areas, only a fraction of available tags can be shown on the map above.
The goal of this analysis was to evaluate the spatial pattern of geotagged 
photos from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
people with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 2500 unique photographers took 
37.000 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation.
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(the photographers) and a lim
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129.397 photos during this period, w
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s only w
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from. In other words, sometimes, a low-frequented vantage point may be 
regarded of higher relevance than a highly-frequented place, if the former 
is located within a considerable larger distance to the perceived subject. 
For CN Tower, this can be seen on a regional scale (Map 23) for photo-
graphs taken from across Lake Ontario. There are 23 photographs with 
references to CN Tower taken from 5 locations (see Map 23, d11–f10). 
These photographs may be considered of higher relevance (compared to 
those created close to the tower), because the number of potential view-
ing places at this distance is so much larger. One of the photographs is 
shown in Figure 61. The photographer reports on his perception of the 
scene as follows. 
 
This is taken from across Lake Ontario zoomed in as far as 
I can on Toronto. You can tell the CN Tower (once the tallest 
building in the world) among all the buildings. The photo does 
not do the scene justice, since I was just taken completely back 
by the colours and levels of clouds. You'll just have to see it for 
yourself. (Giles, 2008) 
 
Thus, it seems possible to assert that CN Tower exerts a particular 
visual impact when seen from far away. Its singular, iconic appearance 
leads to a high recognition value that is vital for both people’s orientation 
within, and identification with, the City of Toronto. 
2.3.4.5. Summary 
Unlike other visualizations, these maps are based on people's individ-
ual abilities for perceptual and mental processing, including memories and 
preferences, and also accessibility factors and temporal characteristics. 
For planners, as a supplement to theoretical viewsheds computed from 
digital elevation models, this method can reveal which vantage points are 
highly frequented and why. Conversely, maps can unveil underutilized 
places and areas, with the need to examine reasons and guide action. An-
alyzing photos from specific time periods (Winter/Summer, Night/Day) 
could also demonstrate how preferences for certain vantage points/sub-
jects change. 
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2.3.5 Individual location analysis 
2.3.5.1. Description of technique 
The techniques presented so far require substantial background 
knowledge and experience to interpret information. Depending on the pur-
pose and audience, information can be visualized in simplified forms by 
combining, mixing and merging the previously presented results. While 
this may not be seen as an entirely new visualization technique, several 
critical considerations are necessary when designing such graphics.  
 
Primary attention should be given to easy interpretability and clear lay-
out. The size of graphic elements depends on the contextual relevance of 
the information content and its estimated reliability. For example, in the 
majority of cases, exact counts may be found rather irrelevant (see 1.3.5), 
and therefore should be blinded out or removed (i.e. exact counts of pho-
tographs per month, or exact tag occurrences). The relative proportion be-
tween elements yields sufficient information to interpret content in a gen-
eralized manner. Sometimes, however, it can be particularly advisable to 
provide exact numbers. For instance, there is a difference whether the 
information is based on 5000 different users or 500, which is why this 
information should not be hidden. These measures will prevent readers 
who are not familiar with the underlying data source to interpret infor-
mation too accurately or without caution. Individual location analysis was 
found particularly useful for presenting perceived characteristics of spe-
cific places and areas to a wider audience. Two exemplary graphical im-
plementations are demonstrated and briefly discussed in the following. 
2.3.5.2. Results: Coit Tower, San Francisco 
One example of individual location analysis is shown for Coit Tower in 
Map 24. Coit Tower, located in San Francisco (see Map 21, d8), is a fre-
quented vantage point, as well as a subject of photography itself. The 
graphic was calculated with the purpose of symbolizing characteristic pat-
terns at Coit Tower. The Golden Gate Bridge, Alcatraz Island and the Bay 
 Compare Map 24 
 
 
Application to planning: techniques for visualizing data - 171 
 
0
1000
500
2000 Meters
fortm
as
Spatial Pattern-A
nalysis of Flickr-Photo D
istribution
Spatiotem
poral Tag Cloud Fort M
ason Center, San Francisco
10/25/2011, Alexander D
unkel
"Netw
ork-Landscapes - New
 control options for Landscape and Environm
ental Planning through the use of internet-based, international, locative m
edia data stream
s."
PhD advisor: Prof. Dr. C. Schm
idt, Dresden University of Technology, G
erm
any
Z-Score
Range
< -0.80
-0.80 - -0.40
-0.39 - 0.0
0.1 - 2.0
2.1 - 4.0
4.1 - 6.0
> 6.0
Second Level Clustering:
Color 
Hot-Spot-Analysis
Distribution of Images
First Level Clustering:
Size
Num
ber of Photos
5 10 20
> 50
1
}
Significant 
Cold 
Spots
}
Significant 
Hot
Spots
Distribution of Tags
Font Size:
10 50
100
> 200
1
fortm
ason
fortm
ason
fortm
ason
Font W
eight/ Color:
fortm
ason
fortm
ason
Bold font w
eight for the densest 
area for each Tag used:
N
orm
al font w
eight and dark-grey 
Font C
olor for all other values:
fortm
ason
The goal of this analysis w
as to evaluate the spatial pattern of geotagged 
im
ages from
 Flickr, w
hich is a w
idely used Photo-Sharing-Com
m
unity. The 
result m
ap can be described best as a statistically w
eighted m
ap of 
w
hat is influencing people’s perception at certain areas. In addition 
to other data, this data m
ay be helpful in m
any planning processes 
w
here it is im
portant to focus on the identification of 
peoples w
ith their environm
ent and the uniqueness (or m
issing uniqueness)
of each part of the landscape - especially on a bigger scale, w
here field 
w
ork and data acquisition is not alw
ays possible.
The m
ap consists of tw
o parts. First, the spatial pattern of 
photos is show
n as dots of different size and color. The size indicates first 
level clustering, w
hich show
s different locations of interest. The second 
level of clustering w
as calculated using the G
ettis-O
rd G
I-Star statistic, 
w
hich evaluates the data (num
ber of photos taken at certain locations) by 
com
paring the local m
ean to the global m
ean and then determ
ining 
w
hether the difference betw
een them
 is statistically significant. The 
results are displayed in different color variations: red for hot spots w
here 
significant m
ore pictures w
ere taken com
pared to the overall area of 
investigation and blue for cool spots, w
hich m
eans given the overall area 
of investigation, these areas do not get as m
uch attention.
Second, the tags for each photo w
ere evaluated to label 
certain areas. The font size w
as determ
ined using a form
ula, w
hich in-
cludes the num
ber of occurrences of each tag in a certain area. In addition,
 the cluster of each tag w
here the m
ost occurrences appear are w
ritten in 
bold. This w
ay, tags w
hich w
ere only used by a m
inority of photographers 
appear sm
all on the m
ap, w
hereas statistically often used tags appear 
bigger. The placem
ent for each tag is calculated by determ
ining the 
arithm
etic center of each tag cluster, but in areas w
here tags accum
ulate the 
placem
ent can shift.
It is im
portant to keep tw
o things in m
ind:
1. This m
ap show
s w
hat is statistically influencing the 
perception. This m
eans that labels m
ay occur at different places com
pared 
to w
here the actual "object" is located (i.e. the G
olden G
ate Bridge 
influences people’s perception at m
any places in the Bay A
rea but exists 
only once). U
sually this m
eans, the cluster of each tag w
here the m
ost 
occurrences appear (w
ritten in bold) is also the location w
here the object 
itself is located.
2. The analysis is based on the data of a lim
ited group of people 
(the photographers) and a lim
ited period of tim
e (1/1/2006 to 10/01/2011). 
This m
eans in this particular analysis, 4964 unique photographers took 
129.397 photos during this period, w
hich are georeferenced in this area. 
U
ltim
ately, the data show
s only w
hat w
as or is im
portant to this lim
ited 
group of people and therefore should be treated w
ith caution and carefull 
interpretation for use in planning purposes.
A
bstract
Legend
fortm
ason
Light-G
rey C
olor/ Show
n in 
Background for m
ost used Tags:
Num
ber of 
occurrences:
Scale 1:1500
0
100
200
50
M
eters
POPULAR MONTH
 inDiviDUal photo analYSiS 
Coit tower
VISUALIzATION/MAP 24
   
 
          1633m
    
    
    
    
    
    
    
    
    
    
    
    
    
    
    
    
    
42
70
m
                       3776m
                                                        2700m                                                1115m
                                   8004m
ch
in
at
ow
n
41
 S
ig
ht
in
gs
COITTOWER
2218 Photos
Apr - Sep
3943 Sightings
1188
13178
goldengatebridge117 Sightings
transam
erica
pyram
id
92 Sightings
1  2  3  4  5        
 
 
 
6
 
 
 
 
 
 
 
 
 
        11 12 13 1
4 
15
 1
6
 
1
7
 
1
8
 
1
9
 
2
0
 2
1
P O P U L A R  T
I M
E
baybridge
131 Sightings
tre
asu
rei
sla
nd
16 
Sig
hti
ng
s
11797
alcatraz
149 Sightings
lombard
51 Sightings
IM
P
O
R
T
A
N
T
 S
U
B
J E
C
T S
 
 
  
I N F L U E N C I N G  P E R C E P T I O N             A
T
 C
O
I T
 T
O
W
E
R
5686
overall number 
of sightings in the 
Bay Area
distance and direction 
to densest cluster
a.
USER ORIGIN
d.
4000
5000
60000
1000
2000
3000
sanfrancisco
california
coittower
telegraphhill
usa
tower
ca
sf
coit
unitedstates
city
travel
hill
america
bay
bayarea
telegraph
night
architecture
bridge
northbeach
pioneerpark
skyline
view
urban
alcatraz
us
downtown
baybridge
goldengatebridge
buildings
street
blue
northerncalifornia
cityscape
color
sunset
sanfranciscobay
unitedstatesofamerica
transamericapyramid
sky
transamerica
landmark
cycling
artdeco
kalifornien
building
water
art
blueangels
statue
westcoast
sfo
public
sanfranciscoca
trip
northamerica
goldengate
norcal
lights
weekend
littleitaly
roadtrip
sanfranciscobayarea
clouds
airshow
stairs
friends
film
flag
lombard
parrots
park
over
fleetweek
walk
nationalregisterofhistoricplaces
fall
above
embarcadero
financialdistrict
fleetweeksf
airdisplay
planes
pyramid
formation
gate
church
filbertsteps
golden
timetrial
trees
summer
chinatown
spring
fireworks
vistas
christophercolumbus
skyscrapers
pacific
tree
white
skyscraper
monument
island
lombardstreet
colorful
people
fog
russianhill
columbus
cityscapes
green
filbert
explore
red
fun
interesting
northbeachdistrict
transamericabuilding
life
birthday
flowers
wall
dark
window
structure
steps
voyages
flower
moon
ferrybuilding
japantown
ocean
prison
sunrise
fishermanswharf
ship
independenceday
houses
pacificocean
sea
sun
highrise
pier
stairway
pier39
us101
scenery
warehouse
concrete
oakland
fishermanswarf
nature
sign
treasureisland
alcatrazisland
nobhill
hiking
therock
beach
bridges
peninsula
house
wine
boat
marina
hugin
mom
Datenreihen1
    
          1633m
                                                                    4270m
                       3776m
                                                        2700m
                                             1115m
                                   8004m
chinatown41 Sightings
0
5
10
15
20
25
castro
attpark
tw
inpeaks
sfzoo
m
arineheadlands
chinatow
n
m
ission
palaceoffinearts
coittow
er
fisherm
answ
arf
lom
bart
cliffhouse
ferrybuilding
dow
ntow
n
alcatraz
goldengatebridge
goldengatepark*** *
C
O
ITTO
W
ER
2218 Photos
A
pr - Sep
3943 Sightings
1188
13178
goldengatebridge
117 Sightings
transamerica
pyramid
92 Sightings
1
 
2
 
3
 
4
 
5
          6       
   
  
  
  
 1
1
 
1
2
 
1
3
 
1
4
 1
5
 1
6  
1 7
 1 8  1 9  2 0  2 1
P
O
P
U
L
A
R
 T
IM
E
300
500
700
900
Jan
Feb
M
ar
Apr
M
ay
Jun
Jul
Aug
Sep
O
ct
N
ov
Dec
Datenreihen1
300
500
700
900
Jan
Feb
M
ar
Apr
M
ay
Jun
Jul
Aug
Sep
O
ct
N
ov
Dec
Datenreihen1
P
O
P
U
LA
R
 M
O
N
TH
R
E
LA
TIV
E
 IM
P
O
R
TA
N
C
E
 O
F C
O
IT TO
W
E
R
 
C
O
M
P
A
reD
 T
O
 O
T
H
er P
O
P
U
LA
r LO
C
A
T
IO
N
s O
F
 P
H
O
T
O
 TA
K
IN
G
 
IN
 sA
N
 F
rA
N
C
IsC
O
: 
G
isC
O
re, G
eT
Is-O
rD
 G
I sT
A
r sT
A
T
IsT
IC
 O
N
 
A
M
O
U
N
T
 A
N
D
 D
IsT
rIB
U
T
IO
N
 O
F
 P
H
O
T
O
s
TA
G
S
 U
S
E
D
 A
T A
N
D
 A
R
O
U
N
D
 C
O
IT TO
W
E
R
O
R
: W
H
A
T
 Is T
H
Is P
LA
C
e 
A
B
O
U
T
?
baybridge
131 Sightings
5686
treasureisland
16 Sightings
11797alcatraz
149 Sightings
lom
bard
51 Sightings
I M P O R T A N T  E L E M
E N
T S
 
 
  
I N
F
L
U
E
N
C
IN
G
 P
E
R
C
E
P
T
IO
N
            AT COIT TOWER
*densest part of district
distance and direction to densest cluster
overall num
ber of sightings in the bay area
b.
4000
5000
60000
1000
2000
3000
sanfrancisco
california
coittower
telegraphhill
usa
tower
ca
sf
coit
unitedstates
city
travel
hill
america
bay
bayarea
telegraph
night
architecture
bridge
northbeach
pioneerpark
skyline
view
urban
alcatraz
us
downtown
baybridge
goldengatebridge
buildings
street
blue
northerncalifornia
cityscape
color
sunset
sanfranciscobay
unitedstatesofamerica
transamericapyramid
sky
transamerica
landmark
cycling
artdeco
kalifornien
building
water
art
blueangels
statue
westcoast
sfo
public
sanfranciscoca
trip
northamerica
goldengate
norcal
lights
weekend
littleitaly
roadtrip
sanfranciscobayarea
clouds
airshow
stairs
friends
film
flag
lombard
parrots
park
over
fleetweek
walk
nationalregisterofhistoricplaces
fall
above
embarcadero
financialdistrict
fleetweeksf
airdisplay
planes
pyramid
formation
gate
church
filbertsteps
golden
timetrial
trees
summer
chinatown
spring
fireworks
vistas
christophercolumbus
skyscrapers
pacific
tree
white
skyscraper
monument
island
lombardstreet
colorful
people
fog
russianhill
columbus
cityscapes
green
filbert
explore
red
fun
interesting
northbeachdistrict
transamericabuilding
life
birthday
flowers
wall
dark
window
structure
steps
voyages
flower
moon
ferrybuilding
japantown
ocean
prison
sunrise
fishermanswharf
ship
independenceday
houses
pacificocean
sea
sun
highrise
pier
stairway
pier39
us101
scenery
warehouse
concrete
oakland
fishermanswarf
nature
sign
treasureisland
alcatrazisland
nobhill
hiking
therock
beach
bridges
peninsula
house
wine
boat
marina
hugin
mom
Datenreihen1
    
          1633m
                                                                    4270m
                       3776m
                                                        2700m
                                               1115m
                                   8004m
chinatown41 Sightings
0
5
10
15
20
25
castro
attpark
tw
inpeaks
sfzoo
m
arineheadlands
chinatow
n
m
ission
palaceoffinearts
coittow
er
fisherm
answ
arf
lom
bart
cliffhouse
ferrybuilding
dow
ntow
n
alcatraz
goldengatebridge
goldengatepark*** *
C
O
ITTO
W
ER
2218 Photos
A
pr - Sep
3943 Sightings
1188
13178
goldengatebridge
117 Sightings
transamerica
pyramid
92 Sightings
1
 
2
 
3
 
4
 
5
          6       
   
  
  
  
 1
1
 
1
2
 
1
3
 
1
4
 1
5
 1
6  
1 7
 1 8  1 9  2 0  2 1
P
O
P
U
L
A
R
 T
IM
E
300
500
700
900
Jan
Feb
M
ar
Apr
M
ay
Jun
Jul
Aug
Sep
O
ct
N
ov
Dec
Datenreihen1
300
500
700
900
Jan
Feb
M
ar
Apr
M
ay
Jun
Jul
Aug
Sep
O
ct
N
ov
Dec
Datenreihen1
P
O
P
U
LA
R
 M
O
N
TH
R
E
LA
TIV
E
 IM
P
O
R
TA
N
C
E
 O
F C
O
IT TO
W
E
R
 
C
O
M
P
A
reD
 T
O
 O
T
H
er P
O
P
U
LA
r LO
C
A
T
IO
N
s O
F
 P
H
O
T
O
 TA
K
IN
G
 
IN
 sA
N
 F
rA
N
C
IsC
O
: 
G
isC
O
re, G
eT
Is-O
rD
 G
I sT
A
r sT
A
T
IsT
IC
 O
N
 
A
M
O
U
N
T
 A
N
D
 D
IsT
rIB
U
T
IO
N
 O
F
 P
H
O
T
O
s
TA
G
S
 U
S
E
D
 A
T A
N
D
 A
R
O
U
N
D
 C
O
IT TO
W
E
R
O
R
: W
H
A
T
 Is T
H
Is P
LA
C
e 
A
B
O
U
T
?
baybridge
131 Sightings
5686
treasureisland
16 Sightings
11797alcatraz
149 Sightings
lom
bard
51 Sightings
I M P O R T A N T  E L E M
E N
T S
 
 
  
I N
F
L
U
E
N
C
IN
G
 P
E
R
C
E
P
T
IO
N
            AT COIT TOWER
*densest part of district
distance and direction to densest cluster
overall num
ber of sightings in the bay area
OCCURRENCES OF TAGSc.
AREA:  
San Francisco Bay Area, California, USA
PERIOD (DATE TAKEN): 
2007 - 2012
NUMBER OF PHOTOS:  
8280
NUMBER OF CONTRIBUTING USERS:   
1497
TOTAL AVAILABLE TAGS:  
40,245
This visualization was generated by combin-
ing several different analyses. The base for 
these analyses was either the collection of 
photos located at and close to Coit Tower, 
or the subset of photos containing referenc-
es to Coit Tower. (a) shows the most prom-
inently photographed subjects and respec-
tive distances, including the most popular 
time for visiting Coit Tower (based on photo 
timestamps). Similarly, (b) illustrates the fre-
quency of visits over the year. (c) illustrates 
tag utilization in pictures at Coit Tower, as 
a means to estimate attribution of meaning 
and joint consensus. (d) summarizes the 
(available) origins for photographers at Coit 
Tower. 
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This visualization was generated by combin-
ing several different analyses. The base for 
these analyses was either the collection of 
photos located at and close to CN Tower, or 
the subset of photos containing references 
to CN Tower. (a) shows the most promi-
nently photographed subjects and respec-
tive distances, including the most popular 
time for visiting CN Tower (based on photo 
timestamps). Similarly, (b) illustrates the fre-
quency of visits over the year. (c) illustrates 
tag utilization in pictures at CN Tower, as a 
means to estimate attribution of meaning 
and joint consensus. (d) summarizes the 
(available) origins for photographers at CN 
Tower. 
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Bridge are the most influential elements (Map 24, a). By using the photo-
graph’s timestamp, in addition to the number of photographs, a popular 
time to visit Coit Tower throughout the day seems to be around 3pm and 
7pm, and the month with the highest frequency of visits is May (Map 24, 
b). Also, counting occurrences of tags helps identify people’s associations 
and associative values with this place (c). Among the most often occurring 
tags used in photographs taken at Coit Tower are view, downtown, 
baybridge, goldengatebridge and sunset, for instance. The location infor-
mation provided by photographers can serve as an additional source for 
information for studying the origin of visiting users (d). For half of the vis-
iting photographers (754 users, 50%), however, no origin information is 
available. Because of this (and further biases of origin data, see 2.2.2), the 
given information should be used with caution and only as a proxy for true 
visitor counts. 
2.3.5.3. Results: CN Tower, Toronto 
Using the same technique, a second visualization was created for CN 
Tower in Toronto (2.3.4.4). Similar to other graphics presented in this work, 
interpretability increases when graphics for several places are compared 
with each other. For the graphics for CN Tower (Map 25) and Coit Tower 
(Map 24), this becomes obvious, for example, for user origin counts (d). 
While Coit Tower seems to be visited by a relatively large proportion of 
local tourists originating from the United States (482 local visitors, 32%), 
CN Tower is characterized by a higher ratio of foreign visitors (only 238 
users are local to the Greater Toronto Area, 22%, see 2.2.3.3). For CN 
Tower, this indicates strong bias towards foreign visitors (compare also 
introductory discussion in section 2.3.4.4). 
 
Before wider application is possible, several difficulties must be 
solved. An example is present in the graphic created for CN Tower. While 
it is possible to unambiguously locate references to Lake Ontario or Rog-
ers Centre, it is difficult to identify a distinct location for lights, urban, street 
and night, or downtown and city. The direction of these perceived subjects 
that is finally shown in the graphic was derived from creating a connection 
 Compare Map 25 
 
Application to planning: techniques for visualizing data - 172 
 
to the largest cluster of each utilized tag. For example, the tags lights, ur-
ban, street and night are most often used in an area lying about 1100 me-
ters north of CN Tower. In contrast, downtown and city are most often 
tagged in an area that lies about 1300 to the northeast. Therefore, the 
graphic is based on the assumption that people visiting the top of CN 
Tower photograph in the direction where lights, urban, street and night, or 
downtown and city are strongest perceived. This assumption may prove 
entirely wrong in a significant number of cases. As a result, the directional 
information that is displayed in Map 25 for ambiguously-referenced as-
pects is subject to considerable uncertainty. 
2.3.5.4. Summary 
The graphics presented in this section are experimental in nature, and 
must be used with caution. Despite this fact, these visualizations provide 
essential information on perceived characteristics of places that is other-
wise unavailable or difficult to obtain. In the fields of landscape and urban 
planning, these graphics may be of specific help in illustrating the unique 
characteristics of a certain place to a wider audience. From a planning per-
spective, the information is particular suited to identify, protect and de-
velop specific characteristics, or to propose action for changing negative 
influences. 
 
A specific difficulty with these graphics exists for ambiguous refer-
ences and the displayed directional information. In other words, while it is 
possible to unambiguously connect actual locations with people’s refer-
ences (i.e. tags) of unique, singular landmarks (such as Golden Gate 
Bridge, Bay Bridge, CN Tower), it is problematic for other subjects. There-
fore, the directional information that is illustrated in graphics is subject to 
considerable uncertainty. A future solution to this issue could be to incor-
porate the directional GPS information that is automatically added by mod-
ern cameras to the photo’s EXIF data (Fujita & Arikawa, 2005). Incorporat-
ing other methods to detect, more precisely, a photograph’s direction, 
such as those presented by Qi, Adams, Curless, Furukawa, and Seitz 
(2013) or Snavely, Seitz, & Szeliski (2008), may further increase accuracy 
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of visualizations. Nevertheless, application of such methods may remain 
limited to single aspects and small-scale scenarios, due considerable com-
putational effort (i.e. retrieving photos, extensive calculations). 
 
Finally, it is important to note that, in contrast to techniques presented 
earlier, the experimental visualizations shown in this section will reflect 
more clearly the subjective perception of the investigator. In other words, 
when designing graphics, an investigator explicitly chooses which infor-
mation is emphasized (i.e. through the size of graphic elements, color cod-
ing etc.) and, conversely, which is hidden or shown in background. In gen-
eral, this is not a problem. All visualizations are more or less affected by 
the personal perception of the researcher (depending on the degree of 
interaction that is necessary). Yet, when presenting graphics, it is im-
portant to stress that the shown information is not universally representa-
tive. In the following chapter, a summary is given on available methods 
and techniques for estimating reliability and validity of data and visualiza-
tions. 
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2.4 Quality and accuracy of results 
2.4.1 Methodology 
The integration of results into a focused planning process depends to 
a large degree on the quality and accuracy of the provided information. The 
main criteria for quality of data, with respect to its application in planning, 
are validity and reliability. Validity and reliability both depend on the accu-
racy of the underlying data. Above all stands a critical questioning and prob-
ing of information (Kim, 2015). One methodology for a comprehensive 
quality assessment is the use of several different methods. This approach 
is particularly advisable in qualitative research in the social sciences, where 
it is known as triangulation (see also introductory section on Methodology, 
1.6).  
 
Triangulation of methods is particularly important when assessing pub-
lic perception because there exists no agreed-upon definition for percep-
tion (see 1.1). In other words, the ‘true’ value of public perception (if any 
exist) can only be estimated through different methods (i.e. triangulated). 
Several forms of triangulation are already applied in the examples pre-
sented earlier, such as the comparison of information with other sources 
(e.g. tourist statistics collected through questionnaires or surveys, or land 
use data prepared by experts), the application of different techniques to 
the same data (filtering, normalization, classification), or comparison of re-
sults with one’s own perception (e.g. on-site evaluation and field surveys). 
In this chapter, information is summarized regarding the accuracy of the 
underlying Flickr data (2.4.2), followed by a discussion of techniques for 
estimating validity and reliability of visualizations (2.4.3). 
 
2.4.2 Accuracy of data 
The underlying accuracy of data is important, as it limits possible eval-
uations to a minimum scale or resolution. This minimum scale of analysis 
is not reached abruptly. Rather, the extent to which results are influenced 
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by spatial and other inaccuracies of the data gradually increases until qual-
ity is significantly impaired. What significance this means depends on the 
specific context of application.  
 
Collected in the following is information on data accuracy in regard to 
origin data and user counts. This may serve as an example for paying at-
tention to detail and ensuring data accuracy for other data facets. Im-
portantly, the accuracy of data greatly varies across the scale of the entire 
dataset, because few rules exist for collecting data. One solution is to filter 
out inaccurate data. Several references to additional and advanced filtering 
techniques are given in this work. However, if too much data is filtered 
out, quality of results is equally impaired because of effects of sampling 
and variance. This means an investigator will often have to settle for a 
balance between filtering out inaccurate data and an acceptable quality of 
information content. 
 User origin data and user counts 
 
User origin counts are used in this work, for example, to measure the 
intensity of frequentation by tourists and locals. In this case, estimating 
accuracy deals with the question of whether a given user location corre-
sponds with reality. From the outset, several question are difficult to an-
swer. How likely is it that a user specified his true ‘current location’? Is the 
information perhaps outdated? It is possible to bypass this issue by wid-
ening the number of methods? Popescu & Grefenstette (2010) present 
several techniques to estimate user home location without the need to 
access what users explicitly specified in their profile. For example, one 
assumption is that the location with the most number of photos is likely to 
conform to a user’s current location of residence. As mentioned earlier 
(section 2.2.3.2), for the purposes of this work, the locations given by the 
users were found to be sufficiently accurate because it is a reasonable 
expression of identification for someone specifying his or her location on 
Flickr. 
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At other times, it is important to distinguish between accuracy and 
precision. In Table 10, 13 user locations for Toronto downtown are listed 
with corresponding geocoding of locations. The precision of geocoding is 
listed in the last row and contains the precision of address references (e.g. 
city/town, state/province). Here, precision and accuracy largely mean the 
same, except for one entry. The geocoding of the location ‘T Dot’ resulted 
in ‘Don T Rd’ in Bon Aqua, Tennessee. Yet, ‘T Dot’ is usually used as an 
idiom for Toronto, Ontario (‘Tee dot Oh dot’). This means that the ge-
ocoding of this entry is likely to be wrong from the outset and should be 
excluded or manually corrected. In other words, while the geocoding is 
very precise (street-level), it is inaccurate (because the geocoded entry is 
not remotely close to the ‘true value’). One solution to this specific prob-
lem could be to utilize a different geocoding method. Wikipedia, for exam-
ple, is better suited for geocoding such idioms because of its large base 
of search term redirects (e.g. a search for ‘T Dot’ is accurately forwarded 
to Toronto). 
 
Tab. 10: Example of 13 user locations geocoded based on the Bing Maps API (out of 
3,704 distinct user locations in the Greater Toronto Area dataset). Σ—Column contains 
the sum of users with matching location information. One erroneous geocoding entry is 
highlighted (red). 
Finally, there are certain circumstances when the accuracy of data ap-
pears high when, at the same time, central assumptions are wrong. For 
example, Flickr does not limit the number of profiles a user can create. 
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Companies and other non-individuals can connect to Flickr for purposes of 
advertisement or communication. The location specified on such profiles 
may be accurate (i.e. close to the company’s true location) but invalid for 
our purposes because the profile does not represent a person. These data 
entries may negatively affect analysis and visualizations and therefore re-
quire the researcher to draw conclusions carefully. 
 
Likewise, it seems possible to imagine that a single person or a group 
of persons consciously and explicitly manipulate data to influence final re-
sults. Throughout this work, several precautions were taken to reduce the 
influence of single users. Despite this fact, there is no hindrance to some-
one creating several accounts on Flickr and explicitly sharing material that 
would entail certain planning decisions. While such explicit manipulations 
may appear inconceivable at the present time, more attention must be 
given to prevention measures, once techniques and methods receive a 
broader acceptance by population and planners. 
2.4.3 Validity and reliability of visualizations 
2.4.3.1. Reliability  
Reliability means the extent to which the planner can rely on the 
source of the data and, therefore, the data itself. The main measure for 
reliability is consistency. A suitable example is the apparent dominance of 
the Black Forest National Park (“blackforest” and “schwarzwald”) in the 
map of Baden-Württemberg, in southern Germany (Map 13). The size of 
these labels is indicating a high importance; but is this information reliable? 
The sample of data may contain biases towards a narrow, specific group 
of users who particularly frequent this area and use these tags; or, num-
bers may be undercounted. A planner can seek corroboration by using a 
wider range of measures and compare the consistency across results. For 
example, users can be classified into different groups based on their origin. 
If a consistent amount of users from culturally diverse groups share a sim-
ilar amount of interest in the Black Forest, the information can be regarded 
as more reliable.  
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Tab. 11: Summary of user origin with photo locations in the State of Baden-Württemberg 
(BW) and within the Black Forest National Park for different groups of users. 
An initial user analysis for the state of Baden-Württemberg shows that 
4,006 (38%) of overall 10,467 photographers provide information on their 
current location. Of this group, 825 (about 21%) have their location set to 
a place within Baden-Württemberg. The remaining majority (2,401 users, 
60%) specify a place located within Europe. Based on this, users can be 
classified into three groups: visitors from Europe (A), visitors from outside 
Europe (B), and local population (C). In the example, a mean proportion of 
18% from group A, and 14% from group B frequent the area of the Black 
Forest during their stay in Baden-Württemberg (Tab. 11). A slightly higher 
percentage of about 20% of the local population frequent and photograph 
the Black Forest National Park (Group C, Tab. 11). While the numbers do 
not exactly match, they reflect a comparatively consistent distribution of 
data across culturally diverse groups. As we might expect, the amount of 
users with interest in the Black Forest is slightly decreasing with the dis-
tance travelled. 
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2.4.3.2. Validity 
Is it actually valid to equate the frequency of visits with “interest”, or 
equate the amount of tags people apply to their photographs with “per-
ceptual responses”? The answer could be ‘to some extent’. Validity re-
lates to the relevancy and appropriateness of the information to the re-
search question. Particularly in landscape perception analysis, planners will 
often have to use data whose validity appears weak because no other in-
formation is available. While this does not invalidate results, it means that 
the planner has to be careful in processing data, interpreting results and 
drawing conclusions.  
 
Fig. 62: Spatial viewshed for Half Dome (green area) and the subsets of photos contain-
ing the tag ‘halfdome’ that lies (a) inside the viewshed (green dots), (b) outside the 
viewshed (red dots), and (c) at Half Dome (yellow dots). 
An example of limited validity is evident in the visualization of lines of 
sight for Yosemite Valley (Map 19 and 20, section 2.3.4.2). As noted ear-
lier, the connection between the tag and photo is not always based on 
visual sightings. We do not know whether people who tagged halfdome 
actually visually perceived the rock formation or refer to their trip’s hiking 
destination (even if Half Dome may be visible in the photo). An elevation 
model can be used to pre-select theoretically possible photo locations to 
increase accuracy (suggested by Senaratne, Bröring, & Schreck, 2013). In 
this example, about 13% (325 out of 2362) of the photos tagged with half-
dome lie outside the theoretical viewshed, calculated using the elevation 
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model. About 58% (188) of these are located along the path leading up to 
Half Dome (possibly indicating people’s hiking destination, see Fig. 62/1). 
Despite this imprecision for separating visual features, the technique may 
still provide essential information on the significance of locations com-
pared to other locations for perceiving a single aspect in the landscape. 
2.5 Implementation example: the London View Framework 
2.5.1 Description 
The visualization techniques presented in section 2.3 are tailored for 
application to a wide array of planning processes. Thus, they are relatively 
unspecific, and consequently inappropriate for direct implementation with-
out modification. While a general investigation may still benefit from such 
visualizations, techniques must be adapted and refined to extract relevant 
and appropriate information for specific projects. The goal of the imple-
mentation example is to demonstrate how techniques can be adapted and 
refined to fit the requirements of practical, concrete applications. The pro-
cess of application is demonstrated with the example of the London View 
Management Framework and the base technique for determining lines of 
sight (section 2.3.4). 
 
The London View Management Framework (LVMF) is a planning guid-
ance for protecting and managing London’s most important scenic views, 
for as well as its overall visual appearance to visitors and the local popula-
tion (Greater London Authority, 2012). As such, it is supplementary to the 
London Plan, a spatial development strategy for Greater London (Greater 
London Authority, 2011). The LVMF is highly selective. Particular empha-
sis is given to the World Heritage Sites and a few highly-frequented scenic 
vantage points throughout the city. In total, the framework includes 27 
views. These are classified into one of the following four groups. 
• London Panoramas: Panoramas across substantial parts of 
London (6) 
• Linear Views: Views of landmarks framed by objects (3) 
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• River Prospects: Broad prospects along the River Thames (13) 
• Townscape Views: Views of the urban townscape (5) 
A selection of particularly relevant views and landmarks is shown in 
Figure 63. The shown map was generated based on the GIS data that is 
available from the LVMF website (Greater London Authority, 2014). 
 
Fig. 63: Overview of LVMF protected landmarks, views and view corridors (based on GIS 
data from Greater London Authority, 2014). 
The LVMF is particularly suited as an implementation example for the 
Flickr data and techniques presented herein. Firstly, the framework is com-
prehensive and highly detailed for the chosen views, comparatively well 
financed, and based on a coherent assessment process methodology. It 
is certainly at the upper end of the quality range of urban visual manage-
ment frameworks available. If a supplementary photo analysis can make a 
contribution to such a detailed assessment process, it seems likely that 
techniques can also make significant contributions to other, less detailed 
plans. 
 
Secondly, the assessment process of the LVMF is entirely based on 
expert assessments. Planners are expected to visit places during the as-
sessment process and are explicitly guided by the detailed assessment 
methodology (see Greater London Authority, 2012, p. 7ff). Despite these 
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facts, biases as to the personal perception of those involved in the assess-
ment process are inevitable. The framework developed herein is explicitly 
tailored towards supplementing such expert-based assessments. On the 
one hand, the comparison of results with LVMF findings may validate tech-
niques used herein. On the other hand, differences in results may offer 
information as to the nature and quality of possible contributions. 
 
Finally, the London area is one of the densest photographed areas in 
the Flickr dataset. More than 5 Million photographs were taken, contrib-
uted to Flickr, and georeferenced with street-level accuracy from 2007 to 
2015 for the area of Greater London. As the quality of results depends to 
a large degree on the density of available spatial data, results for London 
should be exemplary for the performance of techniques. In other words, if 
techniques do not work in London, it is likely that they are difficult to apply 
in other, less frequented areas as well. 
2.5.2 Evaluation methodology 
The size of the LVMF is beyond the scope of this work. A comprehen-
sive supplementary photo analysis would encompass more than is possi-
ble herein. Seen of primary importance are questions that deal with differ-
ences between the perception of the public and the perception of experts 
or a group of experts, as those employed for the compilation of the LVMF. 
For planners, for example, information on the contrasting appearance of 
London to the public, compared to its appearance to experts, is valuable 
information. In the context of the LVMF, the following three questions are 
given specific attention. Are there any views or landmarks overlooked? Is 
it possible to assign a ranking of views, based on their frequency of being 
visited in the past, or other criteria? Are there differences in the popularity 
of certain vantage points between local residents and visiting tourists? In 
respect to the LVMF methodology, these questions must be discussed for 
both landmarks (2.5.3.1) and views (2.5.3.2). 
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2.5.3 Analysis 
2.5.3.1. Landmarks 
The LVMF contains 4 landmarks that are found to be of particularly 
high impact to the visual appearance of London. These landmarks are the 
St. Paul’s Cathedral, the White Tower, the Palace of Westminster and the 
Tower Bridge. A first evaluation could be to verify if there are any signifi-
cant views of, for instance, St. Paul’s Cathedral that have been overlooked. 
Therefore, a first step is to select all photos that contain references to the 
famous church. Accurately disambiguating people’s references is prob-
lematic in this context because people usually use the short form of St 
Paul’s as a reference. Several other subjects of the same name exist in 
London. Examples are: St Paul's Church in Covent Garden, St Paul's 
Church in Shadwell, the chapel of St. Peter and St. Paul in Vilnius, St Paul's 
in Deptford, or the Christian community of St Paul's Hammersmith, to just 
name a few. 
Several assumptions can be made. If no other information is given, 
common sense suggests that St Paul’s is used as a reference to St Paul’s 
Cathedral because it is the best-known subject of the area under investi-
gation. Thus, a possible solution is to first select all photographs that con-
tain ‘stpaul’ as part of their title or tags. Afterwards, all known references 
to other subjects are excluded. For example, a subquery could identify all 
photos that reference ‘church’ in titles or tags. This subquery is then ex-
cluded from analysis because it likely contains a large number of refer-
ences to St. Paul’s other than the Cathedral. Example selection queries for 
the four landmarks are given in Table 12. Once photo locations are loaded 
into GIS, a further cleanup step can be implemented to exclude all impos-
sible viewing locations based on a digital elevation model for London (this 
has not been done in this work). Finally, a manual scan over titles and tags 
may reveal further incorrect references. How much time is invested in this 
process depends on the required accuracy of analysis and the available 
time of the investigator. Inevitably, a number of ambiguous references will 
remain. 
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Tab. 12: List of LVMF protected landmarks and corresponding example queries for Flickr 
photo selection. 
Afterwards, vantage points for perceiving the named landmarks could 
be extracted using the technique for generating lines of sight (section 
2.3.4). This has been done for St. Paul’s Cathedral in Map 26. The map 
suggests that there is some conformity between the LVMF protected van-
tage points for St Paul’s Cathedral and those visited by Flickr users. Highly 
relevant, appear to be the two vantage points of Primrose Hill summit and 
Blackheath Point (visualized by a yellow line on the map). Based on the 
graphics, it is possible to identify other important distant vantage points 
such as Parliament Hill summit, Greenwich Park Wolfe statue and King 
Henry’s Mound (see Map 26).  
 
Despite these findings, it becomes obvious that the visualization of 
lines of sight is only limitedly suited for direct comparison with LVMF pro-
tected vantage points. For example, several of the photo locations at the 
Kenwood viewing gazebo are not aggregated (i.e. multiple lines emerge 
from locations lying close together). Perhaps, the used clustering distance 
is too small. An investigator could re-run the generation of lines of sight by 
using a larger clustering distance. On the other hand, several large clusters 
at the center of London are aggregated, that appear to represent multiple 
photo locations. Using a larger clustering distance would amplify this ef-
fect. Therefore, while it is possible to re-run line-of-sight generation for 
different areas and scales of analysis, equal difficulties must be expected. 
 Compare Map 26 
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The goal of this analysis was to evaluate the spatial pattern of geotagged 
photos from Flickr, which is a widely used Photo-Sharing-Community. The 
result map can be described best as a statistically weighted map of 
what is influencing people’s perception at certain areas. In addition 
to other data, this data may be helpful in many planning processes 
where it is important to focus on the identification of 
people with their environment and the uniqueness (or missing uniqueness)
of each part of the landscape - especially on a bigger scale, where field 
work and data acquisition is not always possible.
The map consists of two parts. First, the spatial pattern of 
photos is shown as dots of different size and color. The size indicates first 
level clustering, which shows different locations of interest. The second 
level of clustering was calculated using the Gettis-Ord GI-Star statistic, 
which evaluates the data (number of photos taken at certain locations) by 
comparing the local mean to the global mean and then determining 
whether the difference between them is statistically significant. The 
results are displayed in different color variations: red for hot spots where 
significant more pictures were taken compared to the overall area of 
investigation and blue for cool spots, which means given the overall area 
of investigation, these areas do not get as much attention.
Second, the tags for each photo were evaluated to label 
certain areas. The font size was determined using a formula, which in-
cludes the number of occurrences of each tag in a certain area. In addition,
 the cluster of each tag where the most occurrences appear are written in 
bold. This way, tags which were only used by a minority of photographers 
appear small on the map, whereas statistically often used tags appear 
bigger. The placement for each tag is calculated by determining the 
arithmetic center of each tag cluster.
It is important to keep two things in mind:
1. This map shows what is statistically influencing the 
perception. This means that labels may occur at different places compared 
to where the actual "object" is located (i.e. the Golden Gate Bridge 
influences people’s perception at many places in the Bay Area but exists 
only once). Usually this means, the cluster of each tag where the most 
occurrences appear (written in bold) is also the location where the object 
itself is located.
2. The analysis is based on the data of a limited group of people 
(the photographers) and a limited period of time (1/1/2006 to 10/01/2011). 
This means in this particular analysis, 2500 unique photographers took 
37.000 photos during this period, which are georeferenced in this area. 
Ultimately, the data shows only what was or is important to this limited 
group of people and therefore should be treated with caution and carefull 
interpretation.
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As a result, direct quantitative comparison of Flickr photo locations and 
LVMF protected vantage points is difficult, if not impossible. Instead, it is 
suggested that Map 26 is used as a first base for qualitative evaluation.  
 
For example, the line of sight that is visualized from King Henry’s 
Mound is comparatively unremarkably visible on the map. In the LVMF in 
contrast, it is described to be of high significance - and rightly, because the 
view has existed for more than 300 years and spans a distance of over 10 
miles to St Paul’s Cathedral (Greater London Authority, 2012, p.89f). When 
seen from King Henry’s Mound, St Paul’s Cathedral is only visible by a 
fraction, and far in the distance (see Fig. 64a). Despite this fact, the largely 
unguided clustering of Flickr photo location data still visualized this distant 
location. When conceived this way, King Henry’s Mound appears to be 
one of the premier linear views in London. Similar observations can be 
made for other vantage points. For example, several lines of sight are vis-
ibly emerging from Kenwood viewing gazebo to St Paul’s Cathedral. Thus, 
it is not possible to say that Kenwood viewing gazebo is of any lesser im-
portance for viewing St Paul’s Cathedral than Greenwich Park Wolfe 
statue (symbolized with one dark-gray line, Map 26). Instead, the views 
from Greenwich Park Wolfe statue, Parliament Hill summit and Kenwood 
viewing gazebo largely appear to be of equal significance to the public per-
ception of St Paul’s Cathedral. 
 
It is not easy to spot vantage points on the map that are additional to 
the LVMF protected views. Primary attention should be given to photo 
locations in parks or gardens (see background, Map 26) because these 
places may indicate so-far-unknown leisure-related vistas. An example can 
be seen in the area around Telegraph Hill (f10). Obviously, several lines 
emerge from a green space. Upon closer investigation, this green space 
can be identified as Nunhead Cemetery. This cemetery is also a local na-
ture reserve and, obviously, offers a view of St Paul’s Cathedral (Fig. 64b) 
that is similar to the one from King Henry’s Mound (Fig. 64a). This does 
not mean that Nunhead Cemetry is of equal relevance compared to King 
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Henry’s Mound. Value in this case is not synonymous with what is ‘visi-
ble’. Rather, thousands or perhaps millions of people visiting this place 
each year attribute the value of King Henry’s Mound.  
 
Fig. 64: Examples of photos showing views of St Paul’s Cathedral. The first photo (a) 
shows the LMVF protected view as seen from King Henry VIII’s Mound in Richmond 
Park, a linear view that spans a distance of more than 10 miles and has existed for more 
than 300 years. Another photo (b) shows a similar view from Nunhead Station, and (c) a 
photo taken from Tower Bridge that shows a reflection of St Paul’s Cathedral. 
In contrast, the view from Nunhead Cemetery seems to be known 
only to a small number of local people. Interestingly, on the Flickr photo 
page, the photographer of the photo shown in Figure 64b initially raised 
the question “Where can you catch a glimpse of St Paul's?” (Flickr & con-
tributors, 2010). In response to this question, one user points out that the 
photo is maybe not showing King Henry’s Mound, while another user 
gives a correct yet vague suggestion. 
 
You can see St Paul's from King Henry's Mound but not 
nearly this clearly, so I'm inclined to think it's nearer to Tele-
graph Hill. […] I can't remember the effects of distance - but I 
think there's a view of St Paul's from Nunhead Cemetery..? 
(Flickr & contributors, 2010) 
 
Finally, the author solves the puzzle and reports on his perception as 
follows: 
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Quite a lot of the Southeast is relatively high up and has 
good views across to central London. The views from Nunhead 
Station, just down the road are great, but you get glimpses 
from all over the place. I particularly like the way that the trees 
frame and isolate St Paul’s through this gap, although it was a 
flat gloomy afternoon for photography. (Flickr & contributors, 
2010) 
 
From this conversation, an investigator can get a first impression of 
the significance of the view at Nunhead Cemetery for perceiving St Paul’s 
Cathedral. Which conclusions are drawn, depends on the planning situa-
tion and context. Perhaps the local city unit for tree pruning could be in-
structed to maintain this view – despite the fact that it is not yet ‘famous’. 
Over time, frequency of photographs from Nunhead Cemetery could be 
monitored and, once contribution reaches a certain significance threshold, 
the location could be re-examined for being included in the LVMF frame-
work. 
 
Closer locations to St Paul’s Cathedral are difficult to evaluate based 
on lines of sight, because the church is dominantly visible from a large 
number of places. For some photos, it even seems impossible to generate 
lines of sight, such as for the glimpse of St Paul’s Cathedral spotted in a 
building reflection (Fig. 64c). The LVMF solves this difficulty by assigning 
‘River Prospects’, representing linear stretches along River Thames that 
are protected as a whole (Greater London Authority, 2012, p.32). The in-
fluence of important landmarks is clearly noticeable from all points along 
these stretches. Importantly, influence of landmarks gradually fluctuates, 
with some spots showing higher impact and some spots that are less in-
fluenced. With a slight modification of the technique for generating lines 
of sight, it is possible to visualize this gradually fluctuating impact. 
 
In Figure 65, heat maps were generated from photos with references 
to either of the four protected landmarks in central London. Similar to the 
generation of lines of sight, photo locations are first clustered based on a 
fixed distance. As a modification, a relatively small clustering distance is 
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applied (i.e. 3 to 5 meters). Afterwards, locations are not visualized using 
the Spider Diagram tool (see section 2.3.4.1). Instead, a point density anal-
ysis is performed. The resulting raster graphic is better suited to illustrate 
the gradually shifting intensity of visual impact of landmarks along the 
River Thames. 
 
Fig. 65: Heat Maps for georeferenced photos that contain references to either of the four 
LVMF protected landmarks in London. Arrows indicate unusual viewing locations such as 
from the London Eye (left arrow), a giant Ferris wheel that offers grand views over Lon-
don, or from The Shard, a large skyscraper (right arrows). 
For St Paul’s Cathedral, for example, it seems possible to say that vis-
ual impact is most pronounced along the southern waterfront of River 
Thames between Waterloo Bridge and London Bridge (Fig. 65/1). In addi-
tion, all central bridges show a significant visual impact. A noticeable peak 
is located at Waterloo Bridge. Interestingly, two punctual areas of influ-
ence are visible on the map (see black arrows, Fig. 65). The left arrow 
indicates the location of the London Eye (also known as the Millennium 
Wheel), a giant Ferris wheel that offers grand views over London. The right 
arrow indicates a cluster of photos taken from the viewing platform atop 
of The Shard, a large skyscraper.  
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Does this mean vistas from The Shard and the London Eye should be 
included in the London View Management Framework? Perhaps not. 
While both locations seem to be important for the public’s perception of 
London, the two highly-elevated views are not comparable to the sensitiv-
ity towards alteration of other vantage points. Nevertheless, the results of 
analysis may supplement other planning decisions. For example, the Lon-
don Eye itself is part of an ongoing debate around its visual impact for 
London (see Greater London Authority, 2002). The view from the London 
Eye, as is visualized on the heat map, clearly speaks for the preservation 
and operation of the famous symbol. 
 
Fig. 66: LVMF designated River Prospect from Tower Bridge (1) and corresponding map 
of Flickr photo locations (2). 
On a local scale, individual location analysis (section 2.3.5) could be 
another means to supplement the LVMV assessment. This step has not 
been included here. Instead, the following discussion is intended to 
demonstrate how a simple mapping of photo locations can already yield 
sufficient information for a selection of explorative planning tasks.  
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In Figure 66, Flickr photo locations are symbolized as simple dots 
around Tower Bridge. The shown area is congruent with the LVMF pro-
tected River Prospect from Tower Bridge (Greater London Authority, 2012, 
p.98). The LVMF includes one viewing location with a single assessment 
point, designated on the North Bastion of Tower Bridge (see 10A.1 in 
Fig. 66/1). Yet, when compared to the photomap, it is visible that photo 
locations are accentuated at the center of the bridge (Fig. 66/2). This cen-
ter of gravity appears slightly offset from the LVMF designated assess-
ment point. Does this mean that the official assessment point is not rep-
resentative for the majority of people’s perception? 
 
While it is not possible to provide a definitive answer, some concerns 
for this implication can be raised. Firstly, a closer investigation of photo-
graphs at the center of the bridge reveals that a significant number is re-
lated to a newly introduced walkable glass floor on the upper span of 
Tower Bridge. This means, while people may still enjoy the view of London 
from Tower Bridge, part of the photographic attention is drawn to the glass 
floor as a new attraction. The glass floor draws attention from a large num-
ber of photographers by providing an unusual perspective that allows the 
viewing of urban life from above. Consequently, it seems possible to say 
that the pattern of photo locations visible at Tower Bridge is somehow 
distorted, and therefore problematic to compare to the LVMF. Perhaps if 
photographs are filtered, a more accurate analysis of external visual stimuli 
is possible. 
 
Fig. 67: Photo locations on Tower Bridge for two different groups of photographers: (a) 
‘Locals’ (photographers with origins set to Greater London) and (b) ‘Visitors’ (photogra-
phers with origins outside of Greater London). 
Another option could be to visualize photo locations for different 
groups of photographers. In Figure 67, visualizations have been created 
for photographs contributed from two groups, photographs from users 
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who are local to Greater London (a) and tourists visiting London (b). To 
some degree, photographs contributed from visitors appear to dominate 
the area. More interestingly, the distribution of photo locations slightly dif-
fers between the two groups. While the contribution pattern for visiting 
photographers shows a similar accentuation of photographs at the center 
of the bridge (compare Fig. 66), photographs from local photographers ap-
pear to be more dispersed. On a closer look, viewing locations on the north 
and south pillar of Tower Bridge appear slightly more accentuated for local 
photographers (see arrows, Fig. 67). Perhaps this indicates that local pho-
tographers are less easily influenced by such touristic attractions as the 
glass floor on Tower Bridge. Another explanation could be that local pho-
tographers are more likely to travel with tripods, which are too bulky to 
carry on long tourist travels. As a result, quiet and less-frequented loca-
tions could be preferred by local photographers (e.g. for setting up the 
tripod, choosing the frame, creating long exposure photographs). In con-
trast to the highly-frequented walkways people use to cross Tower Bridge, 
its north and south pillars offer viewing locations that may qualify as suit-
able photographic refuges. Vice versa, this could serve as an argument for 
the LVMF chosen assessment point because this location better allows 
for taking the time for truly perceiving, appreciating and understanding the 
surrounding city. 
2.5.3.2. Views 
In a similar vein, a planner can modify existing techniques to increase 
suitability for closely evaluating the LVMF protected views. For application 
of existing visualization techniques, two concerns with regard to visualiza-
tion of lines of sight must be raised. Firstly, the distance is not included as 
a criterion for visualizing significance of lines of sight (section 2.3.4). This 
means that vantage points located farther away from perceived subjects 
appear generally underweighted on the map (see Map 26 and discussion 
in 2.5.3.1). Consequently, the technique is less suited for comparing van-
tage points among each other, or for creating a ranking of importance for 
vantage points. And secondly, while references to singular landmarks are 
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easily to identify, more attention must be given to the underlying vocabu-
lary when popular panoramas and views of London are the subject of anal-
ysis. People may use a large number of different ways to express an over-
all appreciation of views when describing and tagging photos. Further-
more, some of the LVMF protected vantage points are specifically desig-
nated for its linear view corridors towards individual landmarks. Other van-
tage points are selected because they offer overall attractive panoramas 
and views of London (see Greater London Authority, 2012, p.31).  
 
Therefore, a first step could be to select photo data based on two dis-
tances of proximity to designated views. Then, a comparison between in-
creasing or decreasing ratios of photo counts could be used as criteria for 
comparing different vistas. For example, a first distance of 50 meters could 
be a means to select photo locations in close proximity to vantage points. 
Afterwards, a second distance of, for example, 500 meters may be used 
to identify contribution patterns for the surrounding area. The comparison 
between both contribution patterns will yield ratios that are suitable for 
comparing different vantage points. 
 
Because an overall increase in photo counts towards a vantage point 
may have nothing to do with the attractiveness of the point as a viewing 
location, a second step is necessary to identify specific perceptual re-
sponses. Here, the LVMF uses two criteria for selecting London Panora-
mas. Firstly, it is specified that all panoramas must either include views to 
the Palace of Westminster or to St Paul’s Cathedral (Greater London Au-
thority, 2012, p.31). These two buildings are found to be strategic for the 
visual appearance of London. And secondly, panoramas must offer views 
of central London and its suburbs from elevated public open spaces. It is 
further stated that the quality of panoramas are greatly affected by the 
various elements visible in the foreground such as subtle differences in 
“textures, materials, colours and forms” (see the above, p.30).  
 
Based on a photograph’s title, tags and further background data, it 
seems possible, to some degree, to determine whether someone’s moti-
vation for taking a photo is connected to ‘views of London from elevated 
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public open spaces’. An example query is shown in Table 13. In the exam-
ple, references to London are only considered when contained in photo 
titles and in conjunction with the words ‘from’, ‘at’, ‘over’, or ‘seen’. This 
restriction is applied as a means to exclude photos where ‘London’ is 
solely used as a location descriptor. Furthermore, it is assumed that titles 
are more likely to describe the main subject of the photo. Additionally, 
photos are selected based on references that likely identify overlooks and 
vistas such as ‘vista’, ‘skyline’, or ‘view’. To the contrary, it seems not 
possible to select photos where users perceived ‘subtle differences in tex-
tures, materials, colors or forms’. The quality of the view is perhaps to 
some degree correlated to the number of photos people take on average, 
or the relative increase in visitors, compared to surrounding areas. For the 
two assessment distances - 50 and 500 meters - it is assumed that contri-
bution of ‘view’-related imagery increases towards the close proximity of 
a designated view. This degree of increase (i.e. the ratio) can then be used 
as criteria for comparing the quality of different views. 
 
Tab. 13: Query used in ESRI ArcGIS for selection of Flickr photos in regard to ‘London 
View’ perceptual responses. 
The results are illustrated in Figure 68. Included are graphics for five 
designated viewing locations that are classified as panoramas in the LVMF 
(i.e. Parliament Hill, Kenwood, Primrose Hill, Greenwich Park, and Black-
heath Point). In addition, graphics were generated for three viewing loca-
tions that are classified otherwise (the Linear View Westminster Pier to St 
Paul’s Cathedral, and the Townscape Views Bridge over the Serpentine to 
Westminster and City Hall to White Tower). These additional locations 
function as a control group for the evaluation of panorama views. 
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Fig. 68: Photo contribution patterns for five designated viewing locations that are classi-
fied as panoramas in the LVMF, including a control group of three locations that are clas-
sified otherwise (Linear View Westminster Pier to St Paul’s, and the Townscape Views 
Bridge over the Serpentine to Westminster and City Hall to White Tower). 
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One exception had to be made for the buffer radius of City Hall to 
White Tower. The radius was reduced from 500 to 250 meters, as the 
analysis area would have otherwise encompassed White Tower itself. An-
other difficulty became apparent for the area around Greenwich Park. 
Here, photo location data is missing in a central strip along the prime me-
ridian, which indicates a Flickr database issue. The corresponding data 
counts for graphics are summarized in Table 14. 
 
Tab. 14: List of LVMF protected vantage points and corresponding Flickr statistics for 50 
and 500-meter radius. Control group: * Townscape views, ** Linear view. 
As a first step towards evaluation, a planner can find corroboration for 
the performance of the applied procedure by comparing results between 
the designated panorama views and the control group. All graphics for pan-
orama views show an obvious increase in ‘view’-related references to-
wards the 50-meter radius. In contrast, no increase is visible for the town-
scape views of Kensington Gardens Bridge and City Hall to White Tower, 
and the linear view of Westminster Pier to St Paul’s Cathedral. For the 
viewing location at Westminster Pier, even a contrary effect can be ob-
served. While a high density of photos containing references to ‘London 
view’ characterizes the surrounding areas at Westminster Pier, almost no 
references exist within the 50-meter radius around the LVMF designated 
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viewing location (compare Fig. 68 and Tab. 14). Given that Westminster 
Pier is protected solely for its linear view to St Paul’s Cathedral, this is not 
surprising. In other words, if the procedure would have resulted in an equal 
increase for Townscape and Linear Views, it could be an indication for a 
weak performance of techniques. In this context, a weak performance 
could mean that utilized query vocabulary (Tab. 13) was too unspecific, or 
not appropriately focused on the phenomenon under observation (i.e. per-
ceptual responses to ‘London view’). 
 
Following this preliminary assessment, a planner could rank viewing 
locations based on their importance for offering views of London. Based 
on the graphics and corresponding data listed in Table 14, it seems possi-
ble to conclude that Primrose Hill Summit is by far the most important 
viewing location among the five designated panorama views. Towards the 
close proximity of the vantage point at Primrose Hill summit, the number 
of view-related photographs increases by the ratio of 2.77 (see Tab. 14). 
This is a strong indication that people explicitly visit the vantage point at 
Primrose Hill summit for its views over London. Lesser, but still significant, 
ratios of 1.03 and 0.91 can be observed for Parliament Hill summit and 
Kenwood viewing gazebo. Obviously, getting views of London is also pos-
sible in the larger proximity of these two vantage points, defined by the 
surrounding 500-meter radius. This seems particularly true for Parliament 
Hill summit, where people perceive London from several different places 
in between the two designated viewing locations (see Fig. 68). Interest-
ingly, people’s preference for one of the two designated views is clearly 
visible. The majority of people appear to prefer Parliament Hill summit, and 
not the viewing location at Parliament Hill oak tree (to the right, Fig. 68). 
The LVMF describes the view from Parliament Hill oak tree as follows. 
 
The viewer can also see the tall buildings that define the 
financial and governmental centres of London, although trees 
in the foreground and middle ground interrupt much of the pan-
orama. A break in the trees to the east allows a discrete view 
of Canary Wharf. (Greater London Authority, 2012, p.49) 
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In this context, the following conclusions seem possible. Firstly, for 
perceiving London, the main vantage point at Parliament Hill Summit is of 
significantly greater importance, when judged on the basis of Flickr contri-
bution patterns. In contrast, the viewing location at Parliament Hill oak tree 
is only relevant insofar as it perhaps provides a linear view to the Palace of 
Westminster. Further corroboration would be necessary (e.g. weighting of 
photo locations from where Palace of Westminster is seen). Finally, more 
attention should be given to the area between the two points. Here, un-
controlled tree growth may negatively affect perceiving distant views of 
London because this area is not included in the LVMF. 
 
The two panorama views at Greenwich Park and Blackheath point ap-
pear to be outliers, to some degree. The Greenwich Park data must be 
used with caution due to a Flickr database issue. It is still possible to ob-
serve that a significant number of people refer to London view in pictures 
taken around Wolfe Statue. Not all of these photos are located within the 
50-meter radius. Perhaps, using a slightly larger radius would be justified 
here. Nevertheless, it seems possible to assert that the majority of people 
do not explicitly visit Greenwich Park for its views over London because 
photos without such references dominate (Table 14). In contrast to Green-
wich Park, Blackheath point is only frequented by few photographers (32 
overall). Thus, its overall importance as a vista for London may be compa-
rably weak. Despite this fact, a ratio of 0.68 still indicates that the view is 
of considerable importance as a viewing location for the area surrounding 
it. 
 
Next to these basic observations, the maps allow gaining interesting 
insights into people’s perceptual behavior at designated vantage points. 
For Primrose Hill Summit, for instance, it is possible to observe a second 
(albeit smaller) photo location to the east (Fig. 68). A possible interpreta-
tion could be that people, arriving by train and walking from the northeast, 
first perceive London upon reaching the first intersection in the park (see 
black arrow, Fig. 68). The majority of people then continue their walk to-
wards the main viewing location at the center of the park. A conclusion 
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could be to incorporate the minor vantage point into the LVMF, as it ap-
pears to be of importance for people’s procedural, sequential landscape 
experience. Finally, a confirmation of prior findings can be found in photo 
contribution patterns near Westminster Pier. The big red cluster towards 
the northeast of the pier marks a location that is congruent with the earlier-
mentioned London Eye. Thus, public perception from the London Eye is 
not limited to a linear view to St Paul’s Cathedral. Rather, the Ferris wheel 
is of significant importance for catching glimpses of overall London and in 
all directions.  
 
Table 14 additionally contains information regarding the ratio between 
local and visiting photographers for designated views, as a last set of data. 
Places close to the center of London (Westminster Pier, City Hall) as well 
as the views from Kensington Gardens and Greenwich Park show a gen-
erally high bias towards visiting photographers. Interestingly, the majority 
of panorama views (Primrose Hill Summit, Kenwood, Parliament Hill Sum-
mit and, to some degree, Blackheath Point) are characterized by high fre-
quencies of photographers that are local to London. While further confir-
mation is necessary, this may be seen as an indication that panoramic 
views located in residential areas are of higher importance to local resi-
dents. In contrast, views and vantage points of central areas, such as the 
designated river prospects along the River Thames, show a significant bias 
towards visiting tourists. Both findings are useful as guidance for more 
specifically responding to the unique situation at each of the designated 
viewing areas in urban planning. 
2.5.4 Summary 
The LVMF implementation example demonstrates several possible 
procedures to modify, refine and adapt the previously presented tech-
niques for application to specific planning questions. It becomes obvious 
that premade techniques, such as the generation of lines of sight, can only 
provide a basis for further exploration of data. This further exploration may 
appear as if guided by chance. Is it possible to define any reoccurring se-
quence of steps for modifying, refining and adapting techniques? 
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Typically, investigators are accustomed to applying a recurring se-
quence of tools or techniques to data, which always results in similar in-
formation content. The rationale is that data from one source is consist-
ently produced across its entirety; thus, applying a sequence of techniques 
will always yield similar results, regardless of the area under scrutiny. As 
an example, consider satellite imagery, which contains several color band 
layers that can be processed in typical ways to extract information on land 
uses such as agriculture, vegetation or urban areas.  In other words, appli-
cation of such techniques will always yield similar information content, 
even when applied to different parts of the world (albeit perhaps of varying 
quality). This is not the case for crowdsourced data. Each contributor pro-
duces and contributes data based on his or her very personal habits and 
preferences. Because each area features data created from different con-
tributors, analysis of such data is not comparable to procedures applied to 
traditionally expert-generated data. Instead, analysis of crowdsourced data 
must, rather, be described as a sequence of explorative steps of observa-
tion. The presented methodology is therefore more comparable to ap-
proaches from anthropology and the social sciences. 
 
When seen this way, a planner may find similarities to typical field sur-
veys and site assessments conducted on-site. Here, depending on the 
purpose of assessment, a planner personally collects information on dif-
ferent environmental goods such as vegetation, soil, water, climate and 
several human factors (e.g. the site’s importance for human health, suita-
bility for different activities, engagement of different social groups, or the 
frequency of visits, etc.). What is finally noted down depends on the plan-
ner’s observations, prior knowledge and goals. Such on-site observations 
are therefore not dependent on chance. A planner can conduct accurate 
field surveys by preparing beforehand, and systematically checking criteria 
before reaching a conclusive decision based on the collected information. 
 
In a similar vein, crowdsourced data, such as Flickr photo contribu-
tions, can be systematically processed and checked against a set of crite-
ria. The choice of criteria depends on the specific planning context. For 
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studying public perception, it is particularly advisable to pay attention to 
the subtle differences of perception, reflected in each of the available fac-
ets of data. Here, the contribution patterns for photo locations, tags, time 
of photo taking and number of photographers, each allow studying differ-
ent aspects of public perception. Perhaps the strongest valuation is ex-
pressed by simply moving somewhere and taking a photo. Thus, the loca-
tion of photographs may best represent a photographer’s immediate per-
ception. In contrast, tags and titles added afterwards symbolize pro-
cessed, generalized and interpreted perceptual responses. This mental 
picture is created as a primary means to sort information for oneself and 
to communicate with others. This means, sometimes, an investigator will 
make an observations from photo contribution that is not reflected in tags 
or titles of photographs because it was not directly perceived or remem-
bered. Recognizing these unconscious, subtle characteristics of percep-
tion through photo contribution patterns is challenging, and will frequently 
require explanations that remain ambiguous. Only by sequentially examin-
ing each of the subsets of photo data, it is guaranteed that an investigation 
yields accurate information that allows drawing significant conclusions. 
 
This process of observation is often recursively guided by the patterns 
that become visible. Answering one question may lead to another ques-
tion, which may require further investigation of data. In this process, logic, 
common sense, sensitivity and creativity are more important than utiliza-
tion of advanced mathematical algorithms or premade procedures. The 
basic techniques demonstrated in the LVMF implementation example 
barely scratch the surface of possible examination of information. Despite 
this fact, presented examples already provide supplementary information, 
which may qualify as crucial for evaluating a number of different planning 
questions. The presented techniques are neither complex nor difficult to 
apply. Simple filtering techniques and basic aggregation of data may often 
yield information that is sufficiently accurate for the majority of planning 
purposes. Yet, the process of investigation and quality of results depends, 
to some extent, on the planner’s ability to spot interesting patterns. Here, 
similar to field surveys conducted on-site, the quality of results will posi-
tively correlate with increasing experience of the investigator. At the same 
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time, it is not possible to exclude all uncertainties. The information that is 
finally gained is of informal character. Caution must be exercised when 
interpreting results. 
 
In regard to the specific results gained from the LVMF implementation 
example, the supplementary Flickr photo analysis is found suitable for both 
confirming expert findings and providing additional information that is not 
available otherwise. It became particularly obvious that such an additional 
analysis can broaden a planner’s view and draw attention to biases result-
ing from systematically one-sided assessments. Examples from the LVMF 
implementation are the London Eye Ferris wheel and the Shard sky-
scraper. Despite the fact that the views from the wheel or from the view-
ing platform of the skyscraper appear to be important to people’s percep-
tion of the city, based on the Flickr contribution patterns, the two views 
are not included in the LVMF. Perhaps this is intentional. Nevertheless, an 
introductory paragraph may add clarity as to why these locations are not 
included. Otherwise, expert assessed plans, such as the LVMF, may not 
accurately reflect the actual needs and preferences of the target group of 
people they are aimed at. 
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III. Discussion 
3.1 Application of the framework from a wider perspective 
The amount of available crowdsourced geodata has grown in a very 
short time to reach an extent that covers almost all urban areas in the 
western hemisphere. Furthermore, the growth of this data is expected to 
rise exponentially in the future. Relative to the goals herein, the physical 
presence required for generating crowdsourced spatial content makes it 
especially suited to collect information on aspects of identification, percep-
tion, emotion and social interaction, with respect to the environment. Un-
derstanding these processes is vital for designers and planners. As Lynch 
stated, "it is equally important to analyze the way in which the area is per-
ceived by its people, since perception is a two-way process” and further 
emphasized, “[…] the visual character of a place, and its evaluations, is 
impossible to analyze if divorced from the people who see it" (Lynch et al., 
1990, p. 279). Jack Nasar, whose work built up on Lynch’s, wrote, “to 
improve community appearance, planners need to know how the public 
evaluates the cityscape” (1990, p.1). Despite this importance, it is difficult 
for designers to obtain an unfiltered view on the public’s way of perceiving 
a place or an area. The Kaplans argued that “[…] landscape architects and 
other natural resource specialists are among the most sensitive and knowl-
edgeable observers of landscapes, but their design training may have also 
led them to perceive landscapes in ways that differ from the general pub-
lic’s” (cited in Bell, 2001, p. 38). 
 
The potential application of this data is obvious. With thousands of 
individual personal experiences available, the public's Image of the Envi-
ronment (Lynch, 1960, p.1) increasingly manifests itself on the Internet. 
Richter & Winter (2011) describe that it is “the people’s mental conceptu-
alization of the environment they are living in” (p. 446). On various web 
blogs, twitter tweets, social networks and photo sharing communities, this 
image is already partially visible. Analyzing the hidden patterns of these 
data streams enables us to access this knowledge. The vision that is taking 
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shape is to incorporate the unfiltered general public perception of the en-
vironment in planning and design processes. 
3.2 Significance of results 
 
The techniques demonstrated in this paper provide a basis for applying 
this source of information in landscape perception analysis. The assump-
tions herein are similar to those made in traditional participant photography 
or photo interviewing. Photographing and labeling photographs are forms 
of attributing meaning to the environment. However, the process of eval-
uation differs significantly due to the different sources of data. Character-
istically, the evaluation of meaning in landscape perception analysis is a 
tedious process of interviewing or manually describing photographs that 
have been actively acquired from participants. In such a manual process, 
several studies found that the research setup, the way of questioning or 
instructing participants, and the personal authority of the researcher may 
fundamentally influence results (Palmer & Hoffmann, 2001; Kaplan, 1985; 
Zube et al., 1982).  
 
In contrast, the techniques presented in this work utilize data that is 
available without the need for interaction between the researcher and its 
subjects. Photographers generate data as part of typical activities carried 
out in the environment. As the photographers are not aware of the partic-
ular contribution to landscape perception analysis, the generated data is a 
better approximation of their unfiltered, unaffected and, to a large degree, 
unconscious landscape experience. Examining the location of photos in-
stead of examining the photographs themselves further reinforces this ob-
jectivity. While the latter technique is suited to evaluate preferences for 
certain types of landscapes (Shafer & Richards, 1974), research from Scott 
& Canter (1997) indicates that it is only limitedly suited for inferring the 
actual experience of the place pictured in the photo. The approach demon-
strated herein may fill in this gap. Furthermore, through the benefits of 
reduced costs, increased volume of data, and larger number of partici-
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pants, the approach described in this work may also be of help in estab-
lishing a practical counterbalance, offsetting expert landscape assess-
ments which currently dominate in practice. 
 
3.3 Further research 
Notwithstanding the many ways in which this data could be analyzed 
and applied, the method described herein constitutes an integrated ap-
proach with limited consideration of related computational methods, and 
it was only tested on one specific data set. It would be interesting, for 
example, to expand the source of data beyond the extent of photo taking. 
Another direction could be to use more advanced methods for tag catego-
rization and classification such as those presented by Jung, Park, Maeng, 
& Han (2012) or Purves & Edwardes (2008). Incorporating methods to re-
duce noise or to detect more precisely the accurateness of the provided 
location information (Zielstra & Hochmair, 2013) may help in further im-
proving map quality. 
 
Finally, one of the most significant questions that need to be ad-
dressed in future research is related to the limited group of people on 
which this analysis and these visualizations are based. In the example of 
Flickr, maps are biased towards a specific group of photographers, and are 
therefore not universally representative. Thus, the integration of maps into 
planning remains problematic. It is an open question whether we can self-
create data streams with people volunteering photo data. We must further 
consider how these applications should be designed to facilitate percep-
tion analysis. Addressing these questions may help in widening the group 
of people on which this analysis is based.  
 
Application of this knowledge also requires us to discuss the wider 
implications and consequences. At the same time this data is publicly avail-
able, it is highly sensitive. In this view, the users’ explicit understanding of 
what is contributed and how data is used takes on a central role. Analysis 
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and application within our profession can be justified based on the respon-
sibility for designing and planning for the public. If a fraction of our daily-
generated data can be used to improve “community appearance” (Nasar, 
1990, p.1) without compromising privacy, the potential is high that the vir-
tual counterpart of the Image of the Environment will continue to develop. 
3.4 Discussion of workshop results and further feedback 
3.4.1 Workshops at University of Waterloo and University of Toronto, Can-
ada 
Throughout this work, it was shown that the process of analyzing data 
requires a planner’s continuous guidance and supervision, for interpreting 
results and guiding action in a specific planning context. Thus, an important 
motivation for this thesis was the development of methods and tech-
niques whose application is not limited to data scientists and GIS experts. 
Application of tools was tested in three workshops. Workshops at the Uni-
versity of Waterloo and the University of Toronto were conducted with 
undergraduate and graduate students from landscape architecture, archi-
tecture and urban planning. A third workshop was conducted with land-
scape architecture professionals at the University of Technology in Dres-
den. The workshop material was made available online and is included in 
digital format in this work (App. I). The experiences gained from work-
shops are briefly summarized in the following. 
  
Fig. 69: Workshop (left) and discussion (right) at the University of Waterloo in Canada. 
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The first workshop, conducted at the University of Waterloo in Canada 
revealed a major software issue that largely limited application of tools and 
techniques. This issue was related to differences in handling of iteration 
of scripts in Modelbuilder from ESRI ArcGIS 10.1 to 10.2. While the re-
spective script was developed and tested in ESRI ArcGIS 10.1, many stu-
dents already upgraded to the newer version. This meant that, for many 
students, iteration of data processing would stop after the first entry. De-
spite the fact that fixing this issue was straight forward, it required recom-
pilation of Modelbuilder scripts, which was not possible within the work-
shop. Updated scripts were made available online afterwards. 
 
One may object that this issue has nothing to do with the research 
presented here. Unfortunately, such software issues are the rule rather 
than the exception. This is especially the case for modular software archi-
tectures such as the one presented in this work. Varying system configu-
rations and frequently updated base software mean that many different 
combinations of software versions exist. Sometimes, different combina-
tions require individual solutions for adapting software. The software ar-
chitecture presented in this work consists of three main toolsets (see 2.1) 
with a large number of sub-tools and individual scripts. If tools are to be 
applied by experts in the field, such as landscape and urban planners, de-
veloping solutions to reoccurring software incompatibilities is seen as an 
important step. 
 
Another difficulty that became apparent during the workshops is the 
amount of base and intermediate data that needs to be transferred. Stu-
dents were free to choose an area of analysis located within Canada. Thus, 
a subset of the photo data for Canada and additional base data (e.g. Open-
StreetMap, ESRI ArcGIS Layout files) had to be distributed beforehand. 
The data that was finally needed to produce maps represented only a small 
fraction of the original data. With increasing volumes of data available, find-
ing solutions to issues of data distribution become increasingly important. 
 
A possible future solution to both the compatibility of software and the 
distribution of data is seen in developing a visualization interface that is 
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made available online. Such an interface can be centrally adapted to the 
needs and requirements of users. Furthermore, investigators would only 
receive filtered information, without the need to access the underlying 
base data. This could also effectively reduce concerns of privacy protection 
because only aggregated anonymous data is presented to the planner. In 
this regard, it is of equal importance to raise awareness in respect to the 
group of people or organization who is in control of data collection and 
distribution. When the main goal of such an interface is a collectively ben-
eficial development of landscape, the government appears to be a much 
better candidate for hosting solutions to data collection and distribution 
compared to profit-oriented companies. 
 
Based on the experiences gained from the first workshop, modifica-
tions were made to the second workshop conducted at the University of 
Toronto. Firstly, analysis was limited to a specific test area (High Park, To-
ronto). This reduced the amount of data that needed to be transferred. In 
addition, it was possible to distribute intermediate steps of data analysis 
for the area under investigation. By accessing this intermediate data, stu-
dents who missed certain steps were able to join back in the procedure at 
later points. 
 
Despite the fact that participants largely consisted of undergraduate 
students with entry-level experience in utilizing GIS software, most were 
able to follow the procedure from start to finish. Particular challenges be-
came obvious in operating software interfaces such as the GetGeo toolset 
(see section 2.1). Here, it was not always clear to the students which in-
terface interaction would affect results and how. In this context, the uti-
lized modular software design was found rather disadvantageous. Availa-
bility of a large number of additional opportunities for manually intervening 
in the procedure equally resulted in a significant increase of complexity, 
which negatively affected the student’s ability to extract relevant infor-
mation. 
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A possible solution could be giving more attention to human-computer 
interaction (HCI) in the design of software interfaces. In this regard, the 
interested reader is directed to the discussion of suitability of interfaces 
included in chapter 1.3.3.2. It may be added that the goal of developing 
seamless interface solutions is not limited to the collection of data, but 
encompasses all parts of data collection, distribution and analysis. Or, with 
the words of Richter & Winter (2011), “communication between users and 
devices must become as natural and unobtrusive as possible” (p.447). 
 
3.4.2 Workshop at University of Technology Dresden, Germany 
To test application of techniques by experts in the field of landscape 
planning, a third workshop was conducted at the University of Technology 
in Dresden. The process of map generation was facilitated due to several 
improvements, made subsequently to the previous two workshops. As a 
result, it was possible to give more attention to crucial methodological and 
theoretical questions. It became obvious that, particularly, the interpreta-
tion of final graphics and maps poses difficulties. What are the levers 
throughout the process that affect final composition of maps? How is it 
possible to explain specific observed patterns? How representative (i.e. to 
what degree) are final maps for the overall population? These were ques-
tions that were paramount to participants. 
 
One participant suggested, for instance, that perceptual analysis of 
places must be distinguished in three categories, (a) places that enable 
perception (such as vantage points), (b) places that are perceived from 
other places (such as a landmarks), and (c) places where meaning is actu-
ally attributed from places located somewhere else. It was attempted to 
apply this classification scheme in this work. Several difficulties can be 
summarized. Often, all three categories overlap. In addition, the last cate-
gory is perhaps most challenging to distinguish. One example where it is 
possible to identify all three categories is the map of Half Dome, referenc-
ing photo locations in Yosemite Valley, shown in Figure 62 (see section 
2.4.3.2). While there exist photographs of Half Dome and at Half Dome, a 
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third significant number of photographs with references to Half Dome is 
located along the path that leads up to Half Dome. But people cannot vis-
ually see Half Dome from the path. Despite this fact, the path is strikingly 
associated with the famous rock formation. The question is, where does 
visual perception end and, conversely, where does association of meaning 
start? Do the two forms of perception seamlessly blend into one another? 
From a cognitive perspective, is there any clear difference at all? These 
questions originate from fundamental difficulties in accurately defining 
perception from the outset (see section 1.1) and, therefore, cannot be an-
swered appropriately within this work. 
 
3.4.3 Feedback from presentations, discussions, exhibitions: second 
thoughts 
Intermediate results of this research were presented and discussed 
on several occasions. Whenever possible, feedback was directly incorpo-
rated. Continuous revisions were made to techniques and graphical repre-
sentations of results. Yet, the basic procedure of generating tag maps re-
mained largely unchanged. It became obvious that this particular tech-
nique draws the majority of attention, whereas it was actually only one of 
several equal options for data processing and visualization. This special 
appeal may have something to do with the observation that both experts 
and laypeople see opportunities through tag maps for better communica-
tion of opinions and thoughts. During a panel discussion, one participant 
suggested that the method for generating tag maps is different to the 
other presented techniques, insofar as it allows reaching a consensus on 
equal terms, or at least in a systematic and autonomous way, without re-
quiring explicit input from the investigator or participants for cumbersome 
negotiations of opposing views. 
 
The limitations of this technique however become obvious when re-
sults must be translated into concrete conclusions and tangible actions. In 
this context, one problem is that tag maps do not yield definite answers. 
Tag maps require interpretation and intensive scrutiny by the researcher. 
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The gained information will often remain imprecise, uncertain, partially true 
or an approximation of the ‘real values’, if any exist. The investigation is an 
ongoing, non-deterministic process of analyzing data for a particular space. 
The strength of tag maps is seen in that they allow a planner to consecu-
tively question and modulate personal perceptions of a place. Studying 
people-generated data means seeing through the eyes of the people who 
actually frequent and utilize places. Sometimes, analysis of data may have 
no tangible results other than a slight change of mind, not a measurable 
change of preference for one conclusion over the other, or making a choice 
for a broader, more holistic design of a particular place. Throughout this 
work, it was attempted to emphasize this procedural character of investi-
gation. 
 
At the same time, the openness of techniques and multi-directional 
processing of data was observed to rather pose a hindrance to their appli-
cation. To the unfamiliar investigator, it is not evident why certain direc-
tions are preferred over others, or, how and why a specific result is 
reached. At several times in discussions it was suggested to further auto-
mate processes and techniques, for example, by creating a single interface 
‘with one button to generate maps and graphics’. This however would pre-
vent in-depth substantive engagement with the data and the intermediate 
patterns that become available. One solution could be to design interfaces 
and data procedures in a way that allow instantaneous graphical visualiza-
tion. When implemented this way, a researcher could instantly see the 
effect that change of input or the use of different formulas exert on the 
final output of graphics and maps. Such an implementation would require 
serious software and hardware development as well as extensive input 
from human-computer interaction research (HCI).
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IV. Conclusions 
Crowdsourcing is a completely new form of information retrieval and 
increasingly relevant in the spatial domain. This work highlights the broad 
potential of crowdsourced data for environmental perception analysis in 
landscape and urban planning. In particular, crowdsourced spatial photo 
content is seen as an important supplemental source of information, with 
an otherwise unavailable perspective on the perception of the environ-
ment by the general public.  
 
While limitations apply, the presented experimental visualizations al-
ready provide a comprehensive basis for evaluating a variety of the per-
ceived characteristics of places or areas. On a conceptual, methodological 
level, the work herein provides a foundation for further research. Before 
wider application can happen, a number of issues need to be addressed 
including questions of copyright, defining ethical standards within the pro-
fession, and protecting individual people’s privacy. From a wider point of 
view, opportunities are seen for designers and planners not only to inte-
grate this new source of data to enhance work flows, but also to exploit 
the phenomenon's essential nature of increased interconnectivity for com-
munication with clients, participants and the public. Such integration will 
better address specific user needs and build more focused solutions. It 
will also allow the public to participate in a small but essential part of de-
sign and planning processes, and finally result in broader acceptance of 
built projects.
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